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ABSTRACT

This project aims at exploring the applicability of the Convolutional Neural 

Networks (CNN) for solving the Protein-Protein Docking Problem. Starting 

from fitting the Protein representations to the Convolutional Network’s 

requirements, the project will aim at building training and validation datasets 

that will be used by the CNN architecture. Using the datasets generated, 

different CNN architectures will be considered, trained and evaluated, 

estimating the feasibility of using these deep learning models to solve the 

Protein docking problem.
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1. INTRODUCTION

This is a final year project for the Computer Science specialization in the Faculty of Computer

Engineering at the Polytechnic University of Catalonia. The main objective of the project is to

develop a classifier that studies different Protein complexes and rates them according to the 

quality of their dockings. The idea for the project comes from the fact that although there exist

numerous methods to measure the quality of the Docking, none exists that utilizes the concept

of Machine Learning and Artificial Neural Networks.

1.1. Context :

Proteins are large biomolecules, consisting of one or more long chain of Amino acid residues 

and are responsible for performing various internal activities fundamental to an organism. 

Proteins often interact with each other to generate complex structures. Protein-Protein 

Docking refers to the study and prediction of these complex quaternary structures. This 

interaction occurs in a typically crowded environment and we only know the genomic 

structure of the interacting Proteins. 
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Figure 1.1 Two Proteins docking with each other

Knowledge about the manner in which Protein interact and dock with each other is very 

important particularly to the pharmaceutical industry as it plays an important role in the 

process of Drug design. A method which conclusively helps to rate the quality of docking 

produced when two Proteins interact with each other thus helps identify and separate the good

dockings from the bad ones which may lead to better results and potency of medicines 

produced.

Neural Networks are a computational model used in Machine Learning, which is based on a 

large collection of connected simple graph units called Artificial Neurons, loosely analogous 

to the neurons present in the Human Brain. Connections between neurons carry a 

unidirectional signal with an activating strength and a Neuron is said to be activated if the 

combined incoming signals have magnitude greater than a Threshold value. The goal of a 

Neural Network is to solve tasks in a manner similar to the way a human brain works and 

solves tasks.
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Convolutional Neural Networks are a type of feed-forward artificial neural network in which 

the connectivity pattern between the neurons is similar to the visual cortex present in human 

beings. One main feature of CNNs is their ability to efficiently process visual recognition 

tasks and challenges.CNNs consist of multiple layers of receptive fields. They are small 

collections of neurons which process portions of input images. The intuition is that the initial 

layers of the network work to identify the low-level features which are then combined to 

identify the higher level features. Hence,the low level features are aggregated to give rise to 

higher level features. 

Figure 1.2 : Operationing of a CNN

We can identify and classify the layers involved in a Convolutional Neural Network as 

follows : 

• Input Layer : This is the layer where the Input Data is fed to the Convolutional 

Network

• Convolution Layer : This is the most fundamental and important part of the CNN.This 

contains a set of filters which have a small receptive field but extend through the depth

of the input data. During a forward pass, each filter is applied across the height and 

width of the input, computing dot product and producing an activation map for the 

filter. Thus, the network in essential learns filters that are activated when it detects a 

specific feature in the input data.
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• Pooling Layer : This layer performs down-sampling such that it reduces the size of the

representation fed to it, to reduce the number of parameters and hence the computation

in the network and hence controlling overfitting. The general practice is to insert a 

Pooling Layer immediately after a Convolutional Layer.

• Fully Connected Layer : After multiple Convolution and Pooling layers comes the FC 

Layer, where the high level reasoning is performed by having multiple 

interconnections between the nodes obtained from the previous layer.

• Output Layer : The final Output is represented through this layer, typically the result is

categorized into the various classes.

Our project aims to develop a Convolutional Neural Network classifier which will be able to 

validate and rate the quality of dockings produced upon interaction of two Proteins.

1.2. Problem Formulation :

Proteins by the virtue of their interaction, bind with each other to form complex quaternary 

structures. This process of binding can be explored and put to great use in the Medical and 

Pharmaceutical sectors, and to do so, there must exist proper methods to dictate the quality of 

the dockings produced. While there exist various geometric and chemical methods to 

determine the same, none exist for solving the problem using the vast computational resources

present. We, in this project, try to build a Convolutional Neural Network which can rate the 

quality of the dockings produced solely by performing computational work.

1.3. Objective :

The objective in this project is to build  classifier that will rate the Protein complexes 

according to their quality. We build the classifier using Convolutional Neural Networks, 

which analyses the various features present in the data that we provide to it as input and labels

the subsequent data into classes based on the information obtained. 
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1.4. Stakeholders :

The main stakeholders involved in this project are the Pharmaceutical companies and the 

public health bodies. These organizations are involved in active drug manufacturing and the

aforementioned method of rating the quality of dockings produced will only be welcomed by 

them, since it actively helps them manufacture efficient drugs and also curtail costs.

Another set of Stakeholders are the various research organizations working on problems 

which utilize the concept of Protein Docking.

1.5. Project Scope :

1.5.1 Project Boundaries :

The project is concerned with developing a 3D Convolutional Neural Network to rate the 

quality of docking produced when two proteins interact with each other.We segregate data 

into the different classes based on the information provided in the dataset. Hence we are 

limited to the classes of dockings that we classify into and we cannot identify if there exist 

any superior classes of docking.

While there are methods that solve the Protein Protein docking problem by selecting and 

displaying the best possible conformation and combination of the docking between the two 

Proteins, we are only concerned with displaying the quality of the docking that we have 

produced and aren’t involved in predicting improvements to the current model of data.

Finally, this project does not concern with other biomolecular complexes and their 

interactions and they are mere extensions of this project. That is instead of looking to solve 

problems like the Protein-Ligand problem which is very broad in nature, we are looking to 

solve a subset of that problem, specifically Protein-Protein Docking.

 .
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1.5.2 Potential Obstacles :

Primary obstacle for a Neural Network based application is the choice of hyperparameters.

Hyperparameters are the parameters that can’t be learned by the network and govern the 

properties such as the speed of learning of the network and the complexity of the network. 

Learning rate or Speed of Learning is an important part, as if the rate is too high there is a 

high chance that we never encounter the optimal solution and if the rate is too low, we may 

take a very long time to encounter the solution.

Another obstacle would be that of Overfitting. Overfitting occurs when the network has too 

many parameters and it results in a poor predictive capability of the network as even a small 

fluctuation in the training data may cause over-reaction by the classifier.

Yet Another obstacle would be that the examples present in the Dataset may not be enough to

cover all ranges of inputs and there may exist a possible permutation of docking which may 

be feasible but not known to the classifier and hence may be rated very low.

An obstacle could be that the data which represents the protein sample may be inadequate and

hence the network may not learn anything significiant and as a result may not be able to solve 

the problem appropriately.

A typical obstacle could be the lack of space for holding our data and feeding it to our 

network. This may lead to downsampling of the dataset to a much smaller size which could 

result in critical data loss which could lead to poor learning by the model.

The final obstacle possible is that a CNN may not be able to efficiently solve the problem at 

hand and an alternate approach may be required to do so.
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2.State of the Art :

Protein Protein docking problem[1] generally looks to study the quality of the docking 

generated when two proteins interact with each other and tries to provide a qualitative 

measure of the docking generated. It also actively looks to provide examples where the 

docking is of highest quality in case our docking isn’t a perfect one in terms of the parameters

used to assess it.

Protein molecular Docking is generally of two types : Rigid body docking[2] and Flexible 

docking.Rigid body docking is a particular form of Protein docking wherein the bond angles, 

the bond lengths and the torsion angles do not change at any given stage during the process of

generation of a complex. Flexible docking on the other hand allows for changes in the above 

mentioned parameters such as the bond length, bond angles and the torsion angles during the 

complex generation process.

We will now look at various approaches taken to solve the protein docking problem. The 

primary matter at hand is to obtain a method to score the quality of docking generated. Over 

the years multiple methods to solve this particular issue have been mooted. Among them is 

the widely accepted method of Shape Complementarity[4]. This method looks to analyze the 

shape of the protein docked molecule sample in question and looks for complementary 

structure between the two proteins. It rates the protein sample based on the score generated 

from the similarity in structure between the two protein samples. 

We can study about a particular research activity undertaken to explain in detail this very 

particular process[5]. In this particular approach, a protein docking sample is taken and the 

two protein molecules in question are identified. After this, the larger sized protein is called A 

and the smaller size one is called B. Now both A and B are discretized and Fourier 

Transformed[6]. Complex conjugate of protein A is taken and the Transforms of both A and B 

are Fourier correlated. This generates a score for the sample. Immediately after this occurs, 

the sample B is rotated and again the same process of Fourier correlation occurs after B is 

discretized and Fourier transformed. This gives another score and the activity of rotating the 

sample and generating the score is continued till all the possible rotations of B are considered.
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Now that we have the scores of all the possible rotations of B with the molecule A, we can 

generate a graph, with the crest of the graph denoting the point with the highest docking score

generated so far. This particular pair of Protein A and a rotation of Protein B generate the best 

possible docking in our example set and are to be considered as a solution to the mentioned 

problem. We can illustrate the working of this particular method as per the following diagram.

An alternate approach to solving the problem was studied in the same paper. It involved 

comparing the Electrostatic interactions between the atoms of the Proteins. This method was 

developed as an extension to the previous Shape Complementary approach. In this approach, 

point charges are calculated and assigned to each protein atom. Using this data on the charges 

of the protein and the subsequent interaction of one atom with the Coulombic charge of the 

second atom, we generate a Fourier Transform followed by a Fourier Correlation similar to 

the one performed in the Shape complementary approach. This gives us a score for the 

docking involved. Now we compare the scores that we obtained in the previous Shape 

Complementary approach for the same sets of Proteins, with the scores obtained for the 

Electrostatic interactions. If the score for both is high, then the resulting docking is considered

as a viable solution to the Protein docking problem. However, if the score for either one is too 

low, the Protein sample can be safely discarded as one that does not yield a correct output.
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Fig 2.1 : Shape Complementary approach

In order to solve the Protein docking problem, while we need a solid approach and 

methodology to tackle the problem, such as an approach like Shape Complementarity or 

Electrostatic Interaction study, we also require a solid Scoring function to generate a score for 

the input provided. We can review the various Search Strategies and evaluation in the Protein 

Docking problem[7] in greater detail now. We can divide the process involved in the various 

search strategies into 2 components , Sampling and Scoring. Sampling refers to a search 

project that generates all the conformations present between the 2 Protein samples that are 

docked with each other. Scoring on the other hand refers the mechanism of assigning a 
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qualitative figure to the docked conformational structures conveying the favorability of the 

docking sample in terms of the extent of their docking. Based on our study, we can also 

identify 3 main search strategies, namely an Exhaustive Global Search, the Fourier 

Correlation and Direct Search Methods. Exhaustive Global search is a simple brute force 

mechanism for searching for similarities between the two protein samples. In this approach, 

all the possible geometric arrangements of the 2 proteins are considered and scored. Thus, we 

perform the global search over 6 degrees of freedom (3 Rotational and 3 Translational). 

Evidently this particular approach is computationally very expensive and is totally not 

feasible for large number of files that may have to be processed. Hence, we need to derive 

something more efficient. The next approach is that of a Fourier Correlation function. The 

methodology here derives from the approach detailed in Fig 1, wherein we label the larger 

protein as protein A, and the smaller one as B. We then proceed to rotate protein B, discretize 

both proteins, perform a Fourier transform and obtain the Fourier correlation for all the 

possible rotations of B. This yields us with a list of correlation scores corresponding to the 

permutations of protein A with all possible rotations of protein B. We then select the docking 

structure with the highest score from this list as the most favourable structure. The final 

method of the search strategies is called as Direct search method and it involves mapping the 

Protein onto a 3D structure following which the structure is studied deeply studied and is 

scored suitably. This particular paper also discusses the various challenges in this domain such

as

• Integration of Scoring function on the fly : This involves creating a methodology to 

sample as well as score fuctions simultaneously.

• Consideration of Protein flexibility : This emphasizes on the fact that projecting 

proteins onto a grid results in loss of flexibility of the sample, and if the sample is 

moved from the initial position, it will result in a loss of accuracy.

We use a single channel of input for our project, that is a single stream or type of input data 

for our project. Alternately, we can look at advancements in the field of Protein docking, 

where a Neural Network ensemble has been used[8]. A neural network ensemble refers to two

or more sets of neural network models processing the input following which, the output 
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generated is aggregated and combined together using models such as a SVM or a k-NN 

classifier. This particular model is very efficient as it helps look at the data in more than one 

particular form and can be suitably used as an architectural example to increase the overall 

accuracy of the system. The architecture used for solving a similar problem using a Neural 

network ensemble is detailed below(Fig 2.2). 

Fig 2.2 : Detailing a Convolutional Neural Network ensemble architecture

We looked at various ways to solve the Protein-Protein docking problem so far. We can now 

also look at the various advancements in the field of Convolutional Neural networks achieved 

so far. 

In our project, we utilize 3D Convolutional Neural Networks which are used to perform 

convolution operation on 3 Dimensional form of data. Either this data could have 3 

Dimensions in form of length and width as 2 dimensions and Time as the 3rd dimension, as 

evidenced in the usage of 3D Convolutions in problems such as Large Scale video 

classification [9] and Action recognition[10]. Such problems have both spatial and temporal 
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dimensions. We can also use 3D Convolutional Neural networks to solve purely spatial 

problems and we utilize this particular property to solve our problem. Another approach 

involving the usage of Convolutional neural networks to solve problems containing 3D input 

which was interesting was the usage of Multi view Convolutional Neural networks[11]. This 

particular approach was very interesting because, it used 2D Convolutional Networks to solve

problems having 3 Dimensional spatial data. This was performed by taking multiple 

viewpoints of the 3D data, thereby converting it into 2 Dimensional format. This can be 

explained in a simplified manner as follows : Consider a 3 Dimensional cube having a total of

6 faces. This approach involves taking a snapshot of each of the 6 faces,thereby converting it 

into 6 different 2 Dimensional information. Six different 2D Convolution networks then 

process the data and then the results are aggregated together by a SVM[12] or a k-NN[13] 

classifier.
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3. Methodology :

3.1 Project Methodology :

Methodology is a way of segregating work into stages of activities with the objective of 

completion of the project in an efficient manner. Developing a proper methodology aids us in 

understanding and planning for the various activities in the project in a streamlined and 

systematic manner as we are able to infer the complexities of each task and prepare for it 

accordingly.

The actor involved in using this project is simply a R&D member determining the quality of 

the Protein docking sample with him. As such, we haven’t incorporated a programmable user 

interface in this project. Although there is certainly scope for us to train the model, save it and

deploy it in a separate module such that it can be directly used for testing purposes.

We can broadly identify 3 tasks to be completed in this project : 

1. Data Preprocessing and Data Transformation

2. Architecture Design and Coding

3. Experimentation

The first task is preprocessing the data and converting it into a suitable format such that it can 

be readily used by the Neural Network. The dataset is provided by the Protein Data Bank and 

contains information about the atoms that constitute the Protein sample such as the 

coordinates of each atom, the residue number, the amino acid group name and the Protein 

Group name among the other details. We utilize these important information to convert the 

data into a matrix format to be given to the Convolutional Network. Thus, we intend to obtain 

a set of data files which can be readily read and used by our model which we will focus on in 

the next task.

The next task is that of Architecture Design and Coding of the Network. Architecture is the 

most fundamental aspect of any deep learning project, as the accuracy and the end output of 
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the project is most dependent on the choice of the architecture employed. This means that a 

wrong choice of architecture can result in poor results and accuracy. When we decide on the 

architecture, we need to implement that as a written code so that it can be deployed in the 

system and this is achieved in the subsequent activity of Coding. We expect to have obtained 

the knowledge and have created a model by the end of this activity. While, the model may not 

display accurate results, nevertheless, it must be a fully functional code. We fine tune this 

model in our next activity to obtain good and proper results.

The final task is that of Experimentation, and is perhaps the longest and the most important of

the 3 tasks. In this task, we will experiment with different architectures and parameters to 

obtain the best and most optimum result possible. As a result we can detail our activity flow 

as one that begins at Data Preprocessing, then moves to the Architecture Design and Coding 

and finally Experimentation. At the end of the first iteration, it again moves back to the 

Architecture design phase and back to the Experimentation phase. This two way movement 

continues till we obtain our final output.  However, this means that the process of obtaining 

the optimum result involves a trial and error method as many different combinations are tried 

out and the best combination is taken.

Hence the software development approach that we use in our project is an iterative model. We

can illustrate this further with the following diagram : 

Over the course of this activity, we expect to have obtained means to vary the parameters 

involved such that the quality of results that we have obtained improves.

Now that we have illustrated the software development model and process, we must also 

examine the experimentation phase of the project in detail. We have various hyperparameters 

in our project and these are certain parameters that adversely affect the execution and the 

output of our program for better or for worse. Hence, when dealing with these the primary 

objective is to collect as many initial data points as possible. Once this is done, we can begin 

to identify the areas where we aren’t getting proper output and can look at ways to solve this 

problem. We can identify and isolate the parameters that are causing issues to the model and 
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are skewing  our output and can tweak them till we get the required correct output. We follow 

this idealogy extensively during the experimentation phase in our project.

In order for us to successfully complete our project, it is absolutely necessary to conduct 

periodic reviews of the progress made and evaluate it at a regular basis such that it proceeds in

the correct direction at the correct pace. Thus over project evolves from the nascent stages of 

being a standalone code to a thriving classifier that is capable of rating Protein samples 

inputted to it according to the quality of docking they exhibit. 

3.2 Tools :

The dataset we use in our project is obtained from Protein Data Bank. It is publicly available 

data and the information is stored in the form of .pdb files. We utilize PyMol to render the 

data file into a graphic 3D format. PyMol is an open source molecular visualization system 

based on OpenGL and this software is used mainly as a means of visualizing the input data 

sample that we have.

We develop the neural network in the language Python and use Keras Libraries and 

Tensorflow backend to achieve it. We choose Keras as a library to work with opposed to 

Torch or Caffe owing to the fact that it is based on Python which has a huge developer 

ecosystem with better documentation and more learning resources. 

Our code is run on a Supercomputer with appropriate graphic cards that are CUDA capable 

and support the CUDA Deep Learning Libraries. 

We host our code on GitHub which provides excellent version control and software storage.
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4. Planning

4.1. Schedule :

The estimated project duration is 5 months. The project is scheduled to begin by February 

8,2017 and is to be completed by June 20,2017. Thus we can schedule the time frame for the 

tasks accordingly :

Task Name Deadline

Research February 28

Data Preprocessing March 10

Architecture Design April 7

Coding May 7

Experimentation June 10

Final Presentation June 20

Table 4.1 : Table depicting deadlines

4.2. Tasks :

Based on detailed analysis of the problem domain, we can identify the following tasks to be 

carried out for the completion of the project : 

1. Research 

2. Data Prepocesing, Data Augmentation and Data Transformation

3. Architecture Design

4. Coding

5. Experimentation
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4.3. Task Description :

Task 1 : Research

The project is concerned with building a Convolutional Neural Network classifier to solve the

Protein-Protein Docking problem. Since this project involves knowledge of 3D Convolutional

Neural Networks, which is a very specific field, it is imperative that the student be well versed

in this field. This would require extensive study of various research papers to keep up to date 

with the industry advancements and also the practical understanding of these papers by 

implementing them on the system.Secondly apart from the knowledge of 3D Convolutional 

Neural Networks, the student must also be well versed in the domain of Protein-Protein 

docking and the advancements in technology used to solve this particular problem. The new 

methods developed to solve this problem, as well as the knowledge on this domain must be 

studied in detail, which will help in mitigating any future errors.

 

Thus, in this particular task, the student must read,scrutinize and understand from various 

research papers the techniques involved in 3D Convolutional Networks and also it’s diverse 

applications. The field of Protein-Protein docking in itself is a very famous one in the domain 

of Biology and as a result vast amount of research work has been performed in this domain. 

This includes techniques such as Shape Complementarity and Electrostatic modelling used to 

solve the Protein-Protein docking problem[1] among other novel approaches.

The task of Researching on the topic requires access to vast resources of information which 

can be obtained either from the conventional books or from the Internet. The only human 

resource that would be required for this task is the Time and physical effort put forth by the 

student.

Task 2 : Data Preprocessing, Data Augmentation and Data Transformation

     

Data for building the classifier is collected from the Protein Data Bank and is present in .pdb 

file format. The goal here is to convert this into a suitable format for inputting into the 

classifier.
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3D CNNs are generally used for volumetric object detection among other utilities, and as 

such, the input is in the form of an n-dimensional Numpy array. In our project, we apply this 

concept by discretizing the input data into a 3 Dimensional space. We represent important 

information fundamental to the atom in its corresponding grid dictated by the coordinate value

of the atom. One important consideration to be done here is the type of data that we choose to 

represent in our dataset, that is whether we represent the Protein residue numbers or the chain 

information or some other critical information in the 3D matrix that we create.

We can identify the following sub-tasks to be performed : 

1. Analysis : This step concerns with analysing the current state of the system, the goals to be 

performed and methods to attain the goal in an optimal manner.

2. Design : This particular step concerns with the methodology to perform the task in an 

optimal manner. It has been explained that we require to convert the input into Numpy

nd-array. We must formulate efficient methods to perform the transformation of data in this 

step.

3. Implementation : This is the culmination of the actions performed in the previous step. We 

have analysed and designed methods to perform the task. All we require now is to perform the

task and store the output for use in the further steps.

4. Documenation : This Task involves Documenting the work performed which eases the 

burden while preparing the final presentation.

The human resources required for this task will again be time and effort on the part of the 

student. We use Python along with the Numpy Library to perform this task and this is the 

material resource required for this project.

26



Task 3 : Architecture Design

Architecture Design is a crucial part of any Neural Network project. It is concerned with 

developing feasible and simple architectural models on which we can base and develop our 

project. The choice of a sound Architecture is crucial in the fact that a reasonable and feasible 

architecture will play a big role in ensuring high accuracy and as such good results from the 

classifier.

In our project, we can look at multiple architectures to build the classifier, dependent on the 

dataset. If our dataset is a single channel dataset, that is containing only one type of 

information like the residue number, we can build a simple 4 or 6 layer Convolutional 

Network, with alternating Pooling and Dropout Layers. Alternately, if the dataset is a multi-

channel dataset, we can have a Neural Network ensemble, wherein we have multiple 

Convolutional networks with each network processing one channel of data and can have 

either a SVM or a k-NN classifier aggregate the result and provide meaningful solutions. 

The advantage of a multi-channel dataset is that it allows for far greater depth and offers large

amount of information to the network. As a result, the learning is very broad and our model 

can learn to classify future samples in an effective manner. However, since we deal with a lot 

of information the processing time increases and also we may have space constraints to hold 

that information.

We can break this process down into the following sub-tasks :

1. Analysis : This process is concerned with the analysis of the current state of the system. 

This includes the study of the input preprocessed, the goals of the classifier to be built, 

technological advancements in the field enabling an easier design of the system and a rough 

estimate of the functioning of the system.

2. Design : After the system has been identified and the goals of the task have been studied

along with adequate knowledge on the system collected, we must design an efficient system 

for it. The design is done keeping in mind the hardware limitations of the machine it is to be 

run on and the optimal solutions discovered.
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3. Documenation : This Task involves Documenting the work performed which eases the 

burden while preparing the final presentation.

While it is imperative that we identify a feasible and effective architecture, this has to be done

in proper consultation with the mentor as there may be many shortcomings in a given 

architecture which can be identified only with expert advise.

The material resource required here is a Computer with a capable GPU to perform 

computations and a vast source of information to gather additional knowledge in this field. 

The human resource required is time to brainstorm new ideas.

Task 4 : Coding

The task of Coding the neural network is the logical successor to the previous task of 

Designing the architecture. We focus on implementing the decisions made in the previous 

activity in an optimized manner here. We develop our model in the Language Python and 

utilize the Keras Libraries to implement the network. The software PyMol is used to render 

graphically the PDB files that are the source of information and we also use Numpy package 

to process the N-dimensional array that we have created while generating the dataset. We use 

Tensorflow as the backend for computing and running the model, with Keras acting as a 

wrapper on it. We run our model on a GPU and as such also utilize CUDA Deep Learning 

Libraries(CUDNN) to run it on the Supercomputing GPU cluster.

To ideally perform this task, we can divide it into sub-tasks which help segregate and 

streamline the activity. The sub-tasks are :

1. Design  : The goal of this task is to code the architecture identified and decided upon in the 

previous activity. We must first formulate steps to begin with the coding process. A suitable 

algorithm/decision flow graph must be generated that lists the sequence of events to be 

performed in this task.
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2. Implementation :  In this task we implement the algorithm that we have formulated in the 

previous sub-task in an efficient manner. We must make proper use of the programming 

paradigm of Python and code in an efficient manner accordingly.

3.Documenation : This Task involves Documenting the work performed which eases the 

burden while preparing the final project document.

The material resources are a GPU cluster that is CUDA capable on which we run our model. 

We also require a Computer with Python configured and the library Keras installed.

The Human resource here will be a Programmer who implements the ideas prepared in the 

previous activity .

Task 5 : Experimentation

The final task in our project is Experimentation and it involves testing out different 

architectures  and varying the hyper parameters to obtain maximum accuracy and the best 

result possible. Hence we can view the task of Experimentation as an extension of the 

previous two tasks with the those tasks being performed here again. Thus, based on one 

iteration of results, we  fiddle certain parameter values and run the classifier again. If the 

results are satisfactory, we accept the result, else, we either retrain the network with different 

parameters, or we adjust the architectural setup of the network with the purpose of improving 

the accuracy.

Best example for the process of experimentation would be that with Learning Rate. If the 

Learning rate is too low, the model may never converge to the required optimum solution, and

if the rate is too high, it might even skip the minima point in the graph, thereby ignoring the 

optimum solution.

The goal of the Experimentation task is to maximize the accuracy obtained. We define 

accuracy of the model by the number of docking samples that it correctly identifies and places

in the corresponding class. While there will be cases of false positives and false negatives 
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occuring, the aim is to ensure that the model is able to learn and correctly identify the class 

category for a majority of docking inputs.

We can identify the following sub-tasks for this task :

1. Testing : We look to change the hyperparameters and other internal settings to obtain an 

optimum result with high amounts of accuracy.

2. Analysis : In this sub-task, we will analyse the state of the system and observe the result it 

provides us on different inputs. If possible a pattern is established and suitable corner cases 

are provided so that the system becomes robust in nature.

3. Documenation : This Task involves Documenting the work performed which eases the 

burden while preparing the final presentation.

Thus the process of fiddling with internal settings and providing different forms of input is 

done in the Testing sub-task and the suitable analysis is done in the Analysis Sub-Task. This 

two sub-task cycle is iterated a large number of times such that our network is trained and 

tested extremely well and can be deployed in real time systems.

The activity of varying the hyperparameters and testing with various kinds of input is done in 

the Testing sub-task and suitable analysis of the results obtained is done in the Analysis sub-

task. Based on the results obtained from the analysis, we vary the hyper-parameters in the 

next iteration.

The Human resource required here is a programmer who can develop the neural network and 

analyse the results that it provides. He must make reasonable deductions from the results that 

the network provides and make changes that help maximize the accuracy output.
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4.4. Gantt Chart :

Num Task Sub Task Feb March April May June
Week -> 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

1 Research
2 Data Processing

2.1 Analysis
2.2 Design
2.3 Implementation
2.4 Documentation

3 Architecture
3.1 Analysis
3.2 Design
3.3 Documentation

4 Coding
4.1 Design
4.2 Implementation
4.3 Documentation

5 Experimentation
5.1 Analysis
5.2 Testing
5.3 Documentation

6
Final 

Presentation

(Red Color Specifies Planned Time Frame. Green Color Specifies Extended Time Frame in 

case of Delays)

4.5. Action Plan :

4.5.1 Original Action Plan :

We first look at the schedule of our project. The project duration is of 5 months. The tasks are 

scheduled in an interleaved manner such that there is scope for performing a particular task 

when the preceeding task is still running.
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The first task is performing adequate Research Activity on our domain of Machine Learning 

and Protein-Protein docking, while the second task involves generating the adequate dataset to

be fed to the neural network from the PDB files provided. Hence, we  begin with the first 

activity and upon gaining sufficient knowledge we can move onto the second task of Data 

Preprocessing, while learning more on other domains. We interleave the two tasks since we 

need to know the basics of Convolutional Neural Networks and Protein-Protein Docking to 

know the kind of data that our network may require and the important information that aids in 

solving the docking problem. When that sufficient knowledge is collected, we can move to the

part where we prepare the dataset, while we learn more about the advancements in the field 

and other methods involving  Convolutional Neural Networks to solve the problem. The first 

task is to begin by the Second week of February while the second task is to begin by the first 

week of March. While it is expected that we complete the tasks by the deadline that has been 

assigned, after accounting for unforeseeable delays, the deadline may be extended by a week 

in each case. Secondly, while the second task begins only by March, if sufficient information 

is collected well in advance, work on this activity may begin before the scheduled date also.

The third task involves Architecture Design wherein possible architectures on which the 

network is to be build are considered and are fixed upon. This task is scheduled to begin by 

the second week of March and the deadline for this task is the second week of April. We 

account for unexpected delays by adding the buttress of one week by setting the third week of 

April as the deadline.

The subsequent activity of Coding where the architecture is implemented to develop a 

network is scheduled to begin by the second week of April and to be completed by the last 

week of April. We set another deadline of the first week of May in case of any delays..

The final activity of Experimentation is scheduled to begin by the last week of April, 

interleaved with the Coding phase and is to end by the last week of May. However we have 

kept a buffer period of two weeks for any delays in the completion of the project. 
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Thus if we stick to the plan we can complete the project comfortably within the stipulated 

time and in case of any delays, we can use the contingency plans specified here which ensures

that the project gets completed on time.

4.5.2 Updated Action Plan :

We now look at how the project progressed and how close we were able to maintain the 

schedule to the original plan.

 

The first task began in the First week of February and was completed within the stipulated 

deadline of February 28. Evidently this was completed as per the deadline specified.

The second task began immediately after and consisted of Dataset Preparation and 

Generation. This particular activity was to be completed by March 10 but got extended till the

last week of March. As a result, accounting for the delay in the completion of this particular 

task, we began the third task early, by the third week of March. This task too was delayed and 

was completed by the third week of April. However since we weren’t able to interleave the 

next activity with this one, it was scheduled to begin immediately after this ended.

The fourth task began by the last week of April and was completed by the second week of 

May. The initial deadline was that of first week of May, after accounting for delays, but owing

to the delay in the previous task, we weren’t able to stick to the original schedule.

The current and final Task of Experimentation began by the third week of May and is to be 

completed by June 15.  A total of 48 types of experiments are planned and depending on the 

results the number can be increased.The experiments are to be analysed immediately when the

results are obtained and the future experiments, carefully worked upon. The only course of 

action to be taken currently to combat the delay in progress is to increase the working period 

to ensure that work is performed to a satisfactory degree.
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4.6. Economic Budget and Sustainabitity :

Economic management refers to proper control and management of funds required for the 

project by careful planning and developing an estimate of the income and the expenditure that

may incur and is also termed as the Budget. Development of a sustainable and feasible budget

leads to proper economic management of the project. This means we are able to identify areas

where we require to invest money to obtain proper hardware and software equipments and 

ultimately helps us by speeding up the project development cycle since we have the state of 

the art technology and equipments. Hence, Budget and sustainability of a project are 

extremely vital components, as an ideal project is one which has a high and deep reaching 

impact in the field it is based on while remaining economically feasible.

In this phase, we analyze all possible expenditures arising and generate a rough budget for the

project. The expenditures include the cost for Hardware components, Software components 

and Human resources. We also carefully check the tools and components we use and validate 

them for their sustainability in terms of their economic and environmental effects. One point 

to be considered here is that the budget is a rough estimate generated at the beginning of the 

project and as a result is definitely bound to change at a later stage. It may increase or 

decrease depending on unexpected obstacles that we may encounter.

4.7. Estimation Of Economic Budget :

We can divide the Budget into 4 Components, namely Hardware Components, Software 

Components, Other Licenses and Human Resource.
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4.7.1 Hardware Budget :

As the name suggests, Hardware Budget lists the hardware tools and components required in 

the project along with their costs. It is to be noted that these components have been selected 

after deep consideration and the main aim of selecting these components is to reduce the 

overall expenses. That is the components chosen represent the most economical in their 

category and there may not be a further scope for price reduction.

(Table 4.2 – Hardware Budget Table)

We must also ensure no deviations from the table are observed and for that to happen, we 

must plan and keep alternatives with us. 

4.7.2 Software Budget :

Software Budget includes the costs involved in obtaining the softwares we use in our project. 

It is important that we regularly update ourselves with new and updated softwares since new 

versions generally bring about UI changes and bug fixes, increasing the ease of use.

(Table 4.3 – Software Budget Table)
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Software Component Useful Time Period Total Cost (In Euro) Amortized Cost (In Euro)

Linux OS 5 0 0

Keras 2 0 0

Microsoft Office (For Documentation) 3 140 23

Sublime Text 1 65 32.5

Tensorflow 2 0 0

Total 205 55.5



4.7.3 Licenses Budget :

This Budget is concerned with the cost of licenses for Services used during the development 

of the project. 

(Table 4.4 – Licenses Table)

4.7.4 Human Resources Budget :

The Human Resources Budget deals with the overall expenditure spent on Human Resources. 

Human resource refers to the people working on the project and this table displays the cost 

incurred in renumeration to them. Each of the people involved have a vital role to play in the 

completion of the project.

(Table 4.5 – Human Resources Table)
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4.7.5 Task Based Budget Distribution :

We must now identify the cost associated with the different activities to be performed and 

declare its feasibility.

We now tabulate the cost involved with each task in our project. The cost incurred for each 

task must correlate with the budget set aside for the human resources.

(Table 4.6 – Task Based Budget Distribution Table)

4.7.6 Total Budget :

The Total Cost incurred in the project is described as follows :

(Table 4.7 – Total Budget Table)

4.8. Budget Control :

We now look at various mechanisms of reducing the Budget in case of a Deviation in the 

Original Plan. The main issue with the contingency plans is, since the original estimate was 

derived considering components that are economical and cheap and also provide efficient 
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performance, the backup plan will use lower grade models to cut the costs resulting in lower 

overall performance.

We first look at the Hardware Components (Table 1) .The alternative for the Computer 

Specified would be to buy a used computer which would retail at a lower price. However 

there is a huge tradeoff betweent the performancce and the cost of the product and hence this 

option is to be exercised only if there isn’t any other option available. The alternative for a 

Graphics Processing Unit is to purchase a lower end model from the Same Manufacturer. This

is also accompanied with the cost-performance tradeoff as the lower end model may not 

perform as efficiently as desired. We also utilize a SuperComputing Cluster which is rented. 

This reduces costs greatly as we don’t own the resource and only rent it when required.

Next comes the Software Components (Table 2) . The only deviations that may arise here are 

for the Microsoft Office and the Sublime Text Softwares. Ideally we could use the Libre-

Office Software instead but it is not advised due to the lack of design choices which is 

available in the MS Office package. A Console based Editor like Vim can be used instead of 

Sublime Text, but again the ease of usage in Sublime Text is greater than Vim and hence is 

recommended.

We utilize Licensing(Table 3) which is very essential for project management and for version 

Control. Presently there exists no other better Version Control System (VCS) other than 

GitHub, but this area is to be explored and a cheaper system must be chosen as backup.

We finally observe the Human Resources (Table 4) involved. The issue here is we are looking 

at individuals who can build the product and any cost cutting here would only result in a 

mediocre final product. The contingency plan we can devise here is to identify other quality 

programmers in the market and consult them in case we identify any flaws in the code written.

We can also look at the Task Based Budget Distribution (Table 5) which identifies the task to 

be performed and the costs associated with them. This cost can be minimised if the tasks are 

performed well before the alllocated time and hence the only way to minimise costs here is to 

perform and produce results efficiently.
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This all is to be accompanied with constant Accounting, Auditing and Review of the work 

done to identify any errors and weed them out in the initial stages.

4.9. Sustainability :

Sustainability referes to how feasible and sustainable a project is in the particular domain. It is

imperative that the project that we are working on be sustainable in all the aspects. This is so 

because, to a large extent sustainablity defines the ability of the project to be feasible and 

viable in the long run. Thus, we are to gain maximum from the project if it is 

sustainable.Sustainability is defined in terms of 3 factors, Economic Sustainability, Social 

Sustainability and Environmental Sustainability and it is important that our project be 

sustainable in the following factors. We look into the factors in detail :

4.9.1 Economic Sustainability :

We analyse the Economic Sustainability by devising a well thought out and planned budget 

which estimates all possible costs involved and then decide if the project is feasible to be 

performed. We infer that the project has been estimated to the least possible cost taking all the

parameters into account and that the cost is viable and competitive in nature.As a result, it is 

feasible to commission and bear the expenditure involved. 

Thus we can declare our project to be feasible economically and can rate it’s Economic 

Sustainability as 7 out of 10.

4.9.2 Social Sustainability :

The project concerns with building a Convolutional Neural Network Classifier to Solve the 

Protein Docking Problem. Protein Docking is a research topic under intense study as it is  

useful for many pharmaceutical organizations and government research bodies to develop 

medicines to cure various diseases. They are able to efficiently isolate and study particular 

branches of the protein docking enabling them to develop specialized medicines, ensuring 

higher rate of curing the patients. Hence this project has a wide Social standing and is very 
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important as it has the potential to impact a majority of lives greatly. Secondly the 

development of this project does not harm any person or group in any manner and only strives

to make it better. Lastly, this research project does not depend on the country’s Political 

Situation in any manner and will only benefit its Science department.

Taking all these factors into consideration, we can deem the project to be socially sustainable 

and can rate it’s Social Sustainability as 8 out of 10

4.9.3 Environmental Sustainability :

The project is to be performed using a Computer and as such the only way the environment 

will be affected is through the power consumption of the devices used. If we make an 

assumption that the amount of energy used by a single computer comes to around 250 watts. 

And given that we spend 500 hours on the project then the energy expended is 125KW. This 

amounts to 48.125 kg of CO 2 . This is indeed a high amount but well within the permissible 

limits. We can perform the same calculation for a SuperComputing Cluster. Consider a 

SuperComputer used around 1000 watts per hour. We may spend around 300 hours for the 

project on the SuperComputer and this comes at 300KW of energy. However a 

Supercomputing cluster usually has high level of cooling to prevent overheating . Hence we 

can assume that a maximum of 200 KW of energy is emitted after the cooling process. This 

yields 77 kg of CO2 and also lies within permissible limits.

We can give a rating of 7 out of 10 for Environmental Sustainability. 
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5. Software Design :

5.1 Software Design Process :

The project involves building a neural network model that classifies Protein docking files 

according to the quality of their docking. We solve this problem using the Language Python. 

We will look at the structure of the project file which creates and deploys the neural network 

in this section. 

We have the source file where the main function is written. This function is responsible for 

the execution of the Neural network. It passes control to other functions that initialize the 

network, modifies the architecture of the neural network and finally runs the network and 

collects the results to store it suitably. 

Apart from this main file, we have other files such as a configuration file which contains 

information about all the constants used in our project. Constants include the location of the 

training and testing dataset in our local memory. The main function refers to this file and 

collects the information on the location following which it moves to the required location and 

reads the dataset. 

The next file we have is the Models file. This particular file defines and initializes the neural 

network that are looking to train. This means that this file adds the basic layers to the network 

such as the Convolutional layer, Batch normalization layer, Dropout layer, Pooling layer and 

the Fully Connected Layers. 

We have other miscellaneous files also included, such as a Logger for logging and checking 

the important checkpoints in the execution of our model and a json file that contains the 

initialization value for all the hyperparameters involved. Our main file and the models file 

initialize the hyperparameters taking cue from this file only.

Now that we have looked into the organization of our project files, we must also focus on the 

manner of execution of the network to a layman, that is a third person not focused on the 
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technical aspects of the project. Such a person will notice the execution as, we provide the 

input data of the Protein Protein docking to the network. The network will process this data 

file and will display the result which is the quality of the docking of our file. However the 

internal working of the model is as follows, the network runs a script which converts the pdb 

data file into a machine readable format which can be fed directly to the neural network. Our 

model works with this intermediate file that it generates to observe patterns and finally 

display the quality rating of the particular file. We must bear in mind that the mode at present 

will be one that has been trained already before and will only run the testing iteration. That is 

there is no need to retrain the model after every example, rather it is ready to use for testing.

5.2 Implementation

The goal of the project is to build a classifier that takes input as .pdb files which are basically 

information on the docked protein samples and outputs a quality rating which tells about the 

efficiency of docking. We have defined classes for High efficiency, Medium Efficiency , 

Average efficiency and Poor quality of dockings and our network classifies the input into one 

of these classes.

To implement this, we use the language Python with Tensorflow as the backend engine 

helping perform the computations. We use Keras library which acts as a wrapper on the 

backend.

The first task was to convert the input PDB data into a form suitable for the network to read 

and process.  The pdb file contains a lot of information like the coordinates of each atom, the 

amino acid group, residue number , chain name of each atom among other details. The 

challenge here was to choose the information which will be efficient for us to use in our 

project as our network will learn to differentiate between good and bad examples of Protein 

Dockings based on the information we choose to represent in the data that we provide to it.

If we look at the following image, we notice the structure of a PDB File. It contains the 

Symbol of the atom, followed by the Amino acid group it belongs to and the protein chain it 

belongs to. Immediately after that, we have the residue number of the amino acid group. We 
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then have the coordinate values of the particular atom and then we have the occupancy factor 

probability in cases of conformations of the protein and a Temperature coefficient. 

Fig 5.1 : Format of the PDB File

There was an issue that we noticed during preparing the dataset. In the PDB files, while we 

are supposed to be having only 2 types of Protein chains binding with each other, it was 

observed that as many as 5 molecules were seen to be binding in the raw dataset that we had. 

To solve this issue, we were able to obtain a mapping file which mapped the examples that 

had more than 2 protein chains and classified them under 2 chains. That is, given Protein 

chains A,B,C,D and E, a mapping was obtained which grouped chains A,B and D as actually 

one chain and chains C and E as another chain, thereby removing the disparity and reducing 

the number of Protein Chains per example to 2.
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In the figure below, we observe one such case of a Protein docking file with more than one 

type of Protein. The different types of Proteins are indicated by their different colors.

Fig 5.2 : PDB file with more than one Protein group

It was also decided that we will represent the residue number of each atom along with the 

chain name in the input. We have only two chain types in all the examples and we simply call 

them Chain A and Chain B. Each atom belongs to one of these two Protein Chains and Chain 

A represents Protein A and Chain B represents Protein B. We tackle this problem of efficiently

representing residue numbers, by assigning a positive value for all residue numbers of atoms 

belonging to Chain A and negative value for all residue numbers of atoms belonging to Chain 

B. Hence if an atom had a residue number of 10 and it belonged to Chain B, it would be 

modified to -10 and if it had belonged to Chain A, it would have stayed 10. We also have 
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information on the position of each atom in the coordinate axis. We use this information to 

create a 3 Dimensional Matrix with each 3D point representing a coordinate. 

This led to an issue of lack of space to hold all the atoms of the Protein Sample. Simply put, 

we required atleast a 200x200x200 matrix of coordinates to represent all the points in file 

across all our samples. Considering the size of Integer to be 8 bytes, it means that we would 

require at least 61 MegaBytes. If we consider atleast 20000 number of Program files to train 

the network it would result in over 1000 Giga Bytes of Data which is an absurdly large 

amount of size to store in any system. This means that we will have to downsample the size 

by focusing on a specific area of the sample to work on. After thorough discussion and study, 

we decided to reduce the size of the matrix by focusing only on the Protein-Protein binding 

site and quit trying to fit in the entire sample. 

We first tried to solve the problem by considering the many distinct amino acid groups and 

grouping the atoms of each distinct group together. We perform this operation by computing 

the centre of mass of each group of atoms. In order to compute the centre of mass, we have 

with us the atomic mass of each particular set of atom and its geometric coordinates. We are 

able to perform this operation, since amino acid is an organic compound and they are 

generally composed of similar kinds of atoms namely Carbon, Oxygen, Nitrogen etc. Thus, 

we compute the centre of mass and we obtain a set of 3 Dimensional coordinates representing 

the centre of this amino acid group. We perform this activity for the complete Dataset, 

considering all the Protein docking samples with us and using this data, we create a 3 

Dimensional Matrix. 

Here, for each coordinate, we had the amino acid residue number which was used to fill this 

matrix. However, the matrix we obtained was sparse in nature and the space it consumed was 

another issue. Here, the lowest we were able to shrink the 3D Matrix was till 150x150x150 

which also isn’t feasible. We could have shrunk the dataset further down to 100x100x100 by 

multiplying the coordinates with a downscaling factor. However this posed data consistency 

and negated the uniqueness of data, as multiple amino acid groups in the mapping we created 

now had the same integer coordinate point as the centre of mass. This posed a question of 

choosing which particular set of atoms must be represented and it was decided to implement 
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the Convex Hull algorithm to obtain the most suitable set of residue values to be represented 

in the particular coordinate. While we were finally able to solve the problem of data 

uniqueness, the resulting sample set was still very large to be properly stored in memory and 

ultimately, this particular method had to be abandoned, since its cons far outweighed its pros.

We finally were able to solve the nagging lack of space issues by reducing the matrix size to 

30x30x30 and 50x50x50 (as per the experiment required) size. 

Now, to solve the problem, we are working with two sizes of data, 30x30x30 matrix of data 

and a 50x50x50 matrix of data. These two sizes were selected after thorough study of the 

Protein data sample and it was decided that the information about the Protein Docking site 

would be important and helpful enough to solve the problem efficiently. Now that we decided 

on the size of the data we were going to fit, it was important to implement this and create 3D 

matrices of the size mentioned above. We performed this using a JAVA program which read 

the input PDB file, extracted the necessary information of the coordinates , residue number 

and the chain name of the Atom and added that information to a Matrix of the required size in 

the position dictated by the coordinates. However we also normalized the coordinates to fit 

into the small snapshot that we focused on, which helped reduce the value of the coordinates 

to within the permissible range.

We thus reduce the dataset to the required structure which can be fed to the Neural Network. 

This particular representation is space effective compared to the other options that we had and

also properly conveys the information required in our project. As a secondary measure, I even 

wrote a python script to convert the data into Pickle format. Pickle is a library in Python 

which increases the ease of read and write operations in Python. It converts the data to a 

binary format and stores it into the memory. This can then be read within the Network by 

unPickling the data, ie converting the binary representation to human readable format. Pickle 

for Python does this task also automatically.

Now that we have generated the required dataset, we must move onto the next important task 

in the project. We now explain in detail, the process of developing the Neural Network.  The 

Neural Network is written in the language Python. It uses the libraries Keras and Numpy. 

46



Since we are dealing with 3D convolutions, we import the 3D Convolution layer package and 

3D Maxpooling package. Our network will use Stochastic Gradient Descent Algorithm for 

Gradient descent and maxpooling function in the pooling layer. We use ‘Categorical 

Crossentropy’ as the loss function. Depending on the experiments that we are to run, we can 

have a 2 Layer model, a 4 Layer model or a 6 Layer model.

We start our final Neural Network project by importing all the necessary packages. After this 

we set the values for all the hyperparameters involved. These hyperparameters include, the 

Learning Rate, Dropout, the Mini Batch size and Loss function.

Learning Rate is quite simply, the rate at which the weights of the neurons are affected. Thus, 

this impacts the speed with which our model learns details and ultimately, the rate at which it 

converges to the global minima, which is the primary objective of the loss function.  It is very 

important to arrive upon a correct value of the learning rate. If the learning rate is too low, the 

rate at which we converge to a global minima will be very slow. In such a case, there is a very

good chance that we never arrive upon the minimum value of the loss function and 

effectively, there is a high chance that we never obtain a good enough result. The opposite is 

true in case of larger values of the Learning rate, if the rate is too high, the speed with which 

our loss function converges and tries to find the minimum value of the loss parameter will be 

large and as a result there is a very good chance that we will altogether miss the optimum 

value that we are looking for. Hence it is paramount that we choose the most suitable value 

for this learning rate. 

The next hyper parameter worth considering is Dropout. Dropout refers to the practice of 

dropping units in the neural network model. These units can be either hidden layer units or the

normal units also. Dropout is particularly important since it enables our neural network to be 

not overly reliant on a particular neuron. That is for a given input example, there is a high 

probability that there is one particular pattern identifying neuron. We here would want more 

than one particular neuron to fire and identify the particular feature so that we are not always 

reliant on that one neuron to identify the pattern, as it could cause consistency and accuracy 

issues in the future. Hence, to avoid this problem, we use Dropout which at a random switches
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off a particular number of neurons in the particular layer. This reduces reliance on a particular 

group of neurons and promotes overall learning. It also helps prevent overfitting. 

The next hyperparameter will be the Loss function. We use the Loss function, categorical 

crossentropy. 

The next hyperparameter involved is the batch size. In our program, we use batches of size 

32,  however the choice of the batch size depends on the type of data classified and on the 

network in question. We use this number 32 since we found it to be quite suitable after 

thorough experimentation. If the batch size is 8, it would mean that there has to be a constant 

fetch to the memory since the network would operate on the batch of size 8 fairly quickly. 

However if the batch size is larger, like 64 or 128 it would mean that the information of 128 

protein samples has to be stored in the temporary memory to be used by the network which is 

not storage efficient. Hence it is more of a tradeoff between the number of memory fetches 

required and the storage capacity of the memory in question. In our case, we found that a size 

of 32 worked in the most optimum manner and hence this particular number is chosen. 

The next hyperparameter is Number of Training iterations. This is an underrated and perhaps 

among the most important parameters. This parameter refers to the number of times the neural

network iterates through the training dataset and learns the various patterns and features. This 

is particularly important, since if the iterations are kept to a low number, there isn’t much 

opportunity given to the network to learn about the problem we are looking to solve. However

if the parameter is too high, it is another concern, since it would result in the network 

overcompensating and learning a lot about the data to the extent of memorising it, resulting in 

a very high accuracy value in the training case but a very low accuracy during the testing 

case. It basically rote learns the important features of the data in the training dataset and is 

able to predict the values in the training dataset accurately. However when it begins to learn 

about the testing dataset, it isn’t able to relate it with the training data and hence it is unable to

predict anything in a proper and accurate manner. Hence we must be particularly careful about

this parameter. 
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We also look into the Gradient  descent algorithm that we employ in our neural network. In 

our case we prefer the Stochastic Gradient Descent algorithm. The idea behind this algorithm 

is that the gradient is continuously updated after each fetch of the mini batch and this 

eventually converges to deliver us the ideal result. We chose this algorithm over other 

Gradient descent algorithms like RMSProp, AdaGrad, AdaDelta etc.  

One final thing that we can choose in our design of the neural network is the activation 

function for each layer. We are using Rectified Linear Unit (ReLU) activation function in our 

project. In ReLu, a neuron is activated according to the following function : 

f(x) := max(0,x) , where x is the input to the neuron. 

The following is a sample loss function graph plotted [Fig 3[ with the loss plotted along the Y-

axis and number of epochs in the X-axis.

Fig 5.3 : Loss function graph
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We can now also look at the different types of Layers that we use in our Neural Network :

• Convolutional Layer : We use a 3D Convolution Layer in our project. The purpose of 

a Convolutional Layer is to identify patterns in the data, done by scanning the input 

using a kernel function. Scanning is performed by computing the dot product of the 

input with the kernel function. We specify the activation to be used here along with the

size of the Kernel function to be used. We also need to specify the stride value that is 

to be used. Stride refers to how many jumps the kernel function is to make on the 

input data it is processing. This means the value by which the kernel function is 

shifted after operating on one set of data in the input matrix. However in 

Convolutional Neural Networks, it is preferred if the overlapping involved is high, as 

it helps in better quality in the downward layers.

• Pooling Layer : Pooling Layer is used to downsample the data. It is basically used to 

remove the excess amount of noisy data that do little than make our computations 

expensive. We use Max Pooling in our project, but there exist other types of Pooling 

function like the Average Pooling. In MaxPooling, the maximum value over the kernel

range is selected and the other values are ignored. Similarly in an Average Pooling 

case, the average of all the values under the purview of the kernel is taken and 

represented. We can additionally specify the size of the kernel that we use in the 

MaxPooling function itself. In our project, we stick to a kernel size of 2x2x2.

• Batch Normalization : The main issue with standard learning procedures is that over 

time, after each update, the value of weights are adjusted and this may result in 

negative learning, that is shifting the learning process too much over to one side. This 

error is corrected using the BatchNormalization layer which resets the values to 

original whenever this layer is executed.

• Fully Connected : This is the final layer in our neural network and this is where all the 

neurons are interconnected to each other. Basically, this particular layer helps add 

sense to the information that the neurons in the preceeding layer have learnt. This also 
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helps the neural network learn non-linear information from all the linear category of 

information it has learnt in the dataset. As such it is an extremely important part of the 

neural network architecture.

There is a particular activity that we perform when we read the data from the dataset store we 

created for the neural network, called Normalization. Normalization refers to ironing out and 

flattening the data that we have created and primed. It basically reduces the numeric 

information that we have, to better the learning process by the neural network. We normalize 

information in our network by dividing it with the largest data that we have in our training and

test set combined. The largest residue value was found to be 999 across both sets of data and 

we divide each and every residue value that we read with this number. Normalization is very  

important as it helps bring the information that we have to a comparable range and it helps 

make the learning faster and convergence to the minima solution easy.

Now that we briefed upon the important parameters involved in our project, we move onto the

implementation aspect of the neural network using these parameters. The network employs a 

learning rate of 0.1, which was found to be optimal enough and the choice of this learning rate

is validated with the multitude of experiments performed.

The network consists of 4 Convolutional layers at present and this number can be changed 

based on the experiments to be performed. This means that we can shift to another 

architecture where the number of Convolutional Layers will be 6 instead of 4. The general 

idea is that increasing the number of Convolutional layer increases the complexity of the 

system and aids in learning. Hence what a 2 Convolutional layer network might learn is 

completely different from what an equivalent 6 layer network might learn. This is quite 

evident from the fact that ResNet, which won the ILSVRC(Image Large Scale Visual 

Recogntion Challenge) 2015 employed a total of 19 layers. We use the activation function 

ReLU for each of 4 convolutional layers. We touched upon the working of a ReLU function 

earlier. So we will first have a convolutional Layer, followed by a Batch Normalization layer. 

After Batch normalization, we have the  Dropout layer. Immediately after the Dropout Layer 

we have another Convolutional Layer followed by a Batch Normalization and MaxPooling 

Layer. We use a 2x2x2 MaxPooling layer here. After this we follow the same recurring pattern
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of a Convolution Layer,Batch Normalization, Dropout, Convolution Layer, Batch 

Normalization and MaxPooling.

Immediately after the last pooling layer, we have 2 Fully Connected Layers of sizes 128 and 

64 respectively. This is then mapped onto a layer of size equal to the number of classes and 

this layer serves as the output layer.

We described the layer architecture of the network above. Every network must be compiled 

before iteration, where we describe the loss function along with other parameters like the 

optimizer and metrics to be used. The optimizer we use is the Stochastic Gradient Descent 

algorithm (SGD) and the metrics that we use accuracy. We must also try using the metric 

‘sparse_categorical_accuracy’ during the experimentation phase, as it is bound to deliver 

some interesting results.

The next part after compiling the function is to let it learn the data from the training dataset 

and then finally test it using the testing dataset. We can use certain functions like 

model.evaluate or model.test_on_batch to test the neural network given the testing dataset. In 

our neural network model, we use the function test_on_batch simply because evaluate 

function requires to fit in the entire testing dataset, which we will be unable to read at once 

due to its sheer size. Hence we accomplish the task by testing the accuracy in batches 

according to the batchsize parameter that we earlier set.

The final value that we require to set is the number of epochs that the neural network must run

for, with it learning from the training data in each epoch. We have initally set an epoch value 

of 10 which might be changed after obtaining the values experimentally.

This particular model was found to deliver proper high accuracy results and was used widely 

across all the experiments.We can use certain methods like the Confusion matrix to visualize 

the quality of distribution of data and results obtained from the neural network after the 

testing phase. Confusion matrix displays the data we have obtained from the testing phase into

a matrix with it highlighting the true positive , true negative, false positive and false negative 

data. True positive data refers to the data that belonged to a particular positive output class 
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and has been correctly classified into it. True negative refers to data that belonged to a 

particular negative output class and has been correctly classified. False positive on the other 

hand refers to data which is actually belonging to the negative class, but has been incorrectly 

classified as positive data and False negative is data which actually belongs to positive class 

and has been classified as negative data. The main motive must be to reduce the count of false

positive and false negative cases in any neural network model.

This is how we implemented the Neural Network classifier in our project and we must move 

onto the Experimentations part where we have undertaken several tests on the network, by 

changing key parameter values and compared the results. The main objective of this 

Experimentation phase is to obtain maximum possible accuracy values from our neural 

network.
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6. Experimentation :

We now begin with the Experimentation process. We have identified a preliminary list of 

experiments to be performed. The methodology of performing this particular activity is that, 

we vary the various hyperparameters involved and check and tally the results obtained. Once 

we accomplish that, we then move onto looking for patterns in our output and aim at finding 

the best set of parameters that can give us a good and positive output. We aim at brute forcing 

through all the available parameters and finding the best combination that gives us a good 

result. The goal of performing this activity is to maximize the accuracy obtained and 

minimize the loss that arises in our function.

We list the categories of experiments to be performed. The types of experiments we perform 

is only based on a preliminary investigation and other experiments must be also performed if 

need be :

• Experimentation with the Architecture of the Model

• Experimentation with the Dataset Size

• Experimentation with the Information stored in the Dataset

• Experimentation with the Output Labels

We now look into the activity performed in each of the Experiments in detail.

The first category of experiments involved experimenting with the architecture of the model. 

In this, we change the architecture of the model, namely alternating between a 2 

Convolutional Layer,  4 Convolutional Layer and a 6 Convolutional Layer Model. The 

rationale behind this is that, greater the number of layers and thus greater the number of 

Convolution operations, the greater the neural network will be able to learn. The depth of 

learning increases directly with the increase in the number of Convolutional Layers and 

hence, we experiment with this. Although, this comes with a tradeoff, Greater the number of 

layers, higher the learning , but also proportionally great is the learning and computational 

time involved and the number of operations to be performed involved.
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In this category of experimentation, we also twiddle with the other parameters including the 

Dropout, Learning rate, the Stride value in each Convolutional operation and the size of the 

Fully Connected Layer. 

Increasing the dropout value helps avoid overfitting in the neural network, as it diminishes the

reliance on particular group of neurons for activation. We experiment with values 0.2,0.5 for 

the Dropout. 

Changing the Learning rate, facilitates the faster convergence of the machine to an optimum 

solution. However it often acts as a gilt edged sword, as if the learning rate is too low, we may

never converge upon the optimum solution, and if the learning rate is too high, there is a high 

probability that we may skip the optimum solution. 

We can also change the stride value, which in turn directly affects the Convolution operation, 

as it affects and changes the set of values that are considered under the convolution operation. 

It is often advised to keep the stride value low, as it helps attain overlapping among successive

convolution operations on the input matrix, which greatly affects our learning process for the 

best. Overlap helps learn the finer features of the input dataset in great detail. 

The final parameter that we can change here is the Fully connected layer. A fully connected 

layer connects all the neurons in the final layer after the Convolution operation, with each 

other. It thus helps achieve a higher level of reasoning for the network, as multiple 

permutations of the activation are now studied and this helps greatly improve the learning and

prediction aspect of the network.

 The next category of Experimentation is experimenting with the dataset size. The 

representation that we use involves focusing only on the protein docking site. We can 

experiment here with the amount of data that is being represented from the protein protein 

docking sample. That is, we can experiment with a matrix of dimensions 30x30x30 first. We 

use this dimension size, since it actively solves the space constraint issues as it does not 

occupy a considerably large amount of memory and having said that, acts as an efficient 

dataset for the neural network to learn and predict the categories of future instances of data. 

55



Apart from a 30x30x30 dataset size, we can experiment with a 50x50x50 dataset size. This 

particular size for the dataset is chosen since we will be able to represent more amount of data

and can be used to check if the network learns anything substantial from this increased 

representation size. 

The next category of Experimentation is experimenting with the information that we store in 

the dataset. Now that we have divided the dataset into two sizes, we can also make a decision 

on what kind of data is to be stored in this representation. Generally, we represent the residue 

numbers of the respective atoms obtained from their amino acid groups as the data in our 

matrix generated. To account for the two different protein chains we have in our dataset, we 

can label all the residues numbers belonging to atoms of the Protein Chain B as negative 

numbers and can label the residue numbers of atoms of the Protein Chain A as positive 

number. In such a manner, we can represent important protein data from both the chains easily

in our dataset. We label coordinates where we don’t have any atoms present with the number 

0. The other representation involved will be 0 for a coordinate with no atom present, number 

1 for an atom belonging to protein chain A and number -1 for an atom belonging to protein 

chain B. This method is definitely simpler than the previous representation, however the 

previous representation provides a greater scope for the neural network to learn patterns and 

learn to rate the protein dockings.

The last category of Experimentation involves modifying the class labels. We in our project 

are using Supervised learning and as such, we have the input data along with the output class 

label to which the data belongs. In such a representation, the model learns by analyzing the 

patterns specific to a particular class and tallying it with the output class it belongs to. In our 

project we can represent the output labels in two ways, which are detailed as follows. We can 

have 2 classes with the first class signifying that the protein docking sample is a positive one 

and must be accepted as a valid protein docking sample and the second class be a negative 

one. Negative class means that the sample will not be accepted as a valid protein docking 

sample and is to be rejected and given a lower score while rating the quality of docking. 

Alternatively, we can have a more detailed representation of the classes and categories 

involved, by having a total of 4 classes. The first class represents the highest level and highest

quality of docking involved. The second class represents medium quality of docking and the 
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third class represents average quality of docking involved. Lastly, the fourth class of docking 

signifies that the protein sample is to be rejected since it is a negative sample of protein 

docking. 

We now move onto the experiments that we have conducted and will have a deep study of 

those experiments.

Each experiment denotes a category of experiments done with atleast 4-5 additional 

experiments performed in each category apart from the data being reported.

We will see below, graphs of various experiments detailing the loss function. We utilize 

dataset of size 30x30x30 in our initial experiments.

In the experiments detailed below, we chose to represent only the best results obtained from 

running the network for 5 epochs and 10 epochs. Many of the experiments were  performed at

lesser number of epochs, mainly 2 and 3 epochs, mainly to analyse the results they produced 

and to try and establish patterns in the output.

We initially worked with a 2 layer Convolutional Neural Network, with the dropout parameter

set to 0.2 and the learning rate set to 0.05. This particular experiment ran for 5 epochs. We set 

these parameters for an initial run and test to see the results that we obtain. Based on the 

results that we obtain at this stage, we can refine our parameters and tune them accordingly to 

obtain better results.
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The corresponding graph that we have plotted is as follows :

Fig 6.1 Graph depicting Loss function – 2 Layer Network

The blue dotted line displays the loss function along with the number of epochs that it is run 

for.

The main point to be noted here is that, we use the function ‘train_on_batch’ in our neural 

network and it trains the network on a batch of size that we have decide upon. It takes at 

random, the number of inputs specified in the batch size and trains the network on them. As a 

result, we obtain frequent fluctuations while training each batch of data. We aggregate and 

take the arithmetic mean of the losses that we have obtained after the training of each batch 

and this mean is termed as the loss value for the particular epoch. 
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Therefore, training a network for larger number of epochs, yields greater datapoints and also 

lets the neural network learn a great deal of information from the input data. This leads to 

overall better overall accuracy obtained.

At the end of this experiment, we were able to obtain a Loss value of 6.0012 and a testing 

accuracy of 62.76%. This meant that in the testing dataset, our network was able to classify 

about 62% of the data it received into the correct class label.

The main issue with this particular experiment was that the confusion matrix generated was 

displaying large amounts of false positives, that is data that actually belonged to the negative 

class were being displayed as a part of the positive class. This was as a result of an 

imbalanced dataset and had to be solved.

There are multiple methods to solve the issue of an unbalanced dataset, with the simplest one 

being to balance the dataset by adding multiple data points. We artificially augment our 

dataset, by rotating the datasets that we have along the coordinate axes to obtain new data 

points. We use this to augment the number of samples for each class that we have with us. We 

can also modify the class weights to seemingly balance the input data that we have.
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Hence the second experiment that we performed, we augmented our dataset by adding more 

data samples. We however have kept the paramers such as the learning rate, the classweights 

and the dropout to be the same.

Fig 6.2 : Graph depicting Loss function – 2 Layer network augmented dataset

We obtained an accuracy of 62.8 % again with a loss of 6.00. This isn’t a noticeable difference

between the previous experiment. So we begin to experiment with the classweights to check if

there is any substantial difference and we also augment our dataset.The 62.8 % accuracy is 

due to the network classifying all the inputs into one particular class. This it got 62.8 % of the 

dataset correct and hence the accuracy
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In the next few experiments, we change the classweights that we had, to check for any 

difference in the accuracy :

Fig 6.3 Graph depicting Loss function - 2 Layer network varying classweights

We were intially working with a 4 class problem. We also modify this to a 2 class problem, 

with class 1 specifying the sample is a valid docking and class 2 specifying the sample is 

invalid.

Here, we modify the classweights to be kept at {1,2.42}. This value was chosen keeping the 

distribution of the ratio of the classes in mind. The total loss obtained was 9.6253 and the 

overall accuracy was 40.282 %.
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We observe that the accuracy has reduced in this case. We continue experimenting with the 

different cases to observe the results obtained.

The next set of experiments that I conducted were concerning handling the imbalanced dataset

by adjusting the classweights. I initially had augmented the dataset and then I continued with 

modifying the classweights to observe any variation in the output obtained.

Below is the graph for the next experiment, where I continue to vary the classweights 

parameter.

The learning rate is 0.05 and the dropout is set to be 0.2.

Fig 6.4 : Graph depicting Loss function – Dropout 0.2, Learning rate 0.05
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This particular experiment also yielded a loss of 9.42 and an accuracy of 42 %. There wasn’t a

major change in the output that I obtained when compared to the previous experiments.

In the confusion matrix generated for the previous experiment, the main issue was that the 

data was moving towards one particular class. That is almost a majority of the inputs were 

being classified as one particular class rather than in an all around manner.To combat this 

problem we continue to change the class-weights to check if there is any noticeable difference

that we obtain.

In the next experiment, we change the architecture and use a 6 layer Convolutional Network.

The learning rate is set to 0.05 and the dropout is set to 0.2. The batch size of the network is 

32.

The following is the graph that we obtained.

Fig 6.5 : Graph depicting Loss function – 6 Layer network, 5 epochs
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With this network we again obtained an accuracy of 59.717 % but the total loss obtained was 

0.67. Another major difference that we saw was that the confusion matrix displayed a 

comparitively less number of false positives when compared to before and the distribution of 

data was more uniform.

We now move onto the next experiment.The previous experiment ran for a total of 5 epochs. 

We now run the same model for 10 epochs to observe the difference in output that we obtain.

Fig 6.6 : Graph depicting Loss function – 6 Layer Network, 10 epochs

The graph that we notice here is much more smoother owing to the larger number of epochs it

ran for. The loss obtained here was 0.604 and the overall accuracy reported was 60.71%. We 

notice a very small shift in the results when the experiment was run for more number of 

epochs.
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In the next experiment, we keep the class weights value to be the same as per what we set in 

the previous experiment, but we changed the architecture to a 2 layer model to observe the 

difference in values that it brought about. The learning rate for this experiment was set as 0.05

and was kept unchanged and the value for the dropout was also kept as 0.2.

Below is the graph for the next experiment that we conducted.

Fig 6.7 : Graph depicting Loss function – 2 Layer Network, Dropout 0.2, Learning rate 0.05

This particular experiment yielded poor results with the loss moving to 6.42 and the accuracy 

at 52%. However, this accuracy is more because it predicted all the results to belong to one 

particular class and the distribution wasn’t a uniform one. This particularly doesn’t bode well 

for our project as we need to obtain an overall distribution of the predictions rather than only 

one class being predicted throughout.
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In the next experiment, we again move to a 6 Convolutional Layer network. We modify the 

classweights again to a different value than compared to the previous experiment. The 

learning rate is kept unchanged at 0.05 and the dropout is also unchanged at 0.2. The results 

obtained from this particular experiment are depicted in the graph between the Loss function 

and the number of epochs this experiment ran for. This experiment ran for around 5 epochs.

Below is the graph depicting the results from the current experiment.

Fig 6.8 : Graph depicting Loss function - 6 Layer Network

The accuracy obtained here was 59.3 % accuracy and the loss value observed was 0.679. 

In the next experiment that we report, we try to ascertain the effect of increasing the number 

of epochs on an experiment which is built of a 2 Convolutional Layer network.

We keep the learning rate at 0.05 and the dropout at 0.2. However we increase the number of 

epochs to 10.
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Below is the graph for our next experiment depicting the effect of increasing the number of 

epochs on a 2 Layer network and how it compares to a 6 Layer model.

Fig 6.9 : Graph depicting Loss function – 2 Layer,10 Epochs

The accuracy value that was obtained from this again 53%, very similar to the result obtained 

when we ran the 2 layer network for 5 epochs. The loss value for this was found as 6.29

We perform another experiment, where we run the 2 Layer network for 15 epochs and 

compare the results. The values for all the other parameters remain unchanged, including the 

classweights, learning rate, dropout and the batch size.
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Below is the graph that we obtain.

Fig 6.10 : Graph depicting Loss function – 2 Layer, 15 epochs

The values obtained for this experiment are discussed as follows :

We obtained an accuracy of 53 % and a loss value of 6.26. This is comparable to the loss 

value that we obtained when we ran the same network for 10 epochs – 6.29 and when we ran 

it for 5 epochs – 6.42. The accuracy obtained also does not vary much, as it increases from

52 % to 53 %.

Thus we observe that a 6 layer network run for 5 epochs produces comparable and better 

results compared to a 2 layer network run for 10 epochs.
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In our next set of experiments, we begin by modifying the learning rate. We also modify the 

training and testing data that we use. In the next few experiments, we increase the number of 

examples in the testing phase by moving a few examples from the training phase to the testing

phase. 

The learning rate is set at 0.1 and the dropout is kept at 0.2 . We run a 6 Layer model for 5 

epochs in our experiment. We also change the value for the classweights that we had kept 

intially and we test the results when we change the value of the ratio towards one side.

The graph that we obtain is as follows :

Fig 6.11 : Graph depicting Loss function – 6 layer, Learning rate 0.1

69



This model gave us an accuracy of 59.98 % with a loss of 0.67. The model underperformed 

since it predicts majority of the data in the testing phase in the direction of the class that is in 

majority.

In the experiment detailed above, we saw that there wasn’t a great improvement in overall 

score obtained. We hence try to modify the dropout value. We increase the dropout to 0.5 to 

observe the difference in results obtained. We also begin using a 4 Convolutional Layer 

network as opposed to a 6 Layer Network.Another change that is that we shift to a 50x50x50 

sized dataset for a few experiments.

The learning rate is kept at 0.1 and the dropout is increased to 0.5. The batch size is 32. The 

following graph is obtained. 

Fig 6.12 : Graph depicting Loss function – 6 Layer, Dropout 0.5
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While the graph does not depict a great change, the model learns a lot while in the training 

phase. The experiment ran for 5 epochs and the loss obtained at the end of the 5th epoch was 

0.95 which is comparatively better than the loss obtained after the 5th epoch when the dropout 

was kept at 0.2 – 1.35.

The network attained an accuracy of 61% during the testing phase. However the result can be 

improved to a great deal as the imbalance in prediction still exists. While the model now 

predicts a few examples to belong to the non dominant classes also, majority of results are 

predicted to belong to the dominant class.

As a result, we try to improve the accuracy by increasing the number of epochs for which the 

program runs. We increase the number of epochs to 10 and observe the results. We also 

balance the dataset and shift the value of the class weights towards the previously non 

dominant class. 

Fig 6.13 : Graph depicting Loss function -6 Layer, Dropout 0.5, 10 Epochs
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The overall loss generated was 0.62 and the accuracy obtained 61.01% skewed towards the 

one particular class. Our network can must still be improved a great deal.

We increase the number of epochs the previous experiment ran for to 15 and set all the class 

weights to 1. Thus, the major changes involved changes to combat the imbalance in the 

dataset by adjusting the classweights and augmenting the dataset by using the same number of

examples for both the classes. Since, shifting to a 50x50x50 dataset does not result in a large 

difference in the accuracy, I decided to shift to a 30x30x30 architecture itself and all other 

experiments are performed with this dataset only

The graph obtained is as follows :

Fig 6.14 : Graph depicting Loss function-6 Layer, Dropout 0.5, 15 Epochs
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The learning rate was kept at 0.1 and the dropout was increased to 0.7. While during the 

training phase, the network was able to learn about and classify all the different datasets to a 

small extent, it was unable to deliver a similar performance in the testing phase.

The accuracy obtained during the testing phase was still 49.9 % and the overall loss was 0.61

The final set of experiments involved modifying the dataset and performing batch 

normalization and normalizing the data present. The data present in the 30x30x30 matrix is 

normalized to range [-1,1] and we add additional batch normalization layers to the network.

The learning rate is fixed at 0.1 and the dropout is fixed at 0.7. The batch size used is 32. The 

result is as follows : 

Fig 6.15 : Graph depicting Loss function - 6 Layer, Dropout 0.7
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We obtain a loss of 0.57 and accuracy of 65 % . This model still predicts results skewed to a 

particular class rather than predicting both the classes uniformly.

In the next batch of experiments, we, instead of normalizing the data to the range (-1 , 1) , we 

denote an atom of chain B as -1, an atom of chain A as 1 and no atom as value 0. We again 

test our model with the dropout as 0.7 and the learning rate as 0.1

The results are :

Fig 6.16 : Graph depicting Loss function – Batch normalized

This is comparable to the previous result that we obtained. The accuracy score is 64% and the 

loss is 0.58

Given the experiments that we have performed, the general conclusion of the experiments was

that the model predicts results skewed towards a particular class rather than predicting it 
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uniformly. This imbalance in prediction must be related to the dataset in use and we must 

again prune the dataset to remove the error.
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7. Conclusion :

7.1 Results :

In our project, we were able to achieve a Testing accuracy of 65 %.as the best accuracy. 

However our network still incorrectly predicted large amount of information as false positives

and false positives and this has to be corrected 

7.2 Goals Achieved :

The primary goal of the project was to develop a neural network classifier that identifies and 

rates the quality of dockings obtained through Protein Protein Interaction. The categories of 

the output classes were specified along with the input beforehand itself. We were successfully 

able to achieve our goal with our project, having built a classifier that distinguishes and 

classifies the Protein samples that are provided to it. The classifier also attained a decent 

accuracy while predicting the results.

Thus our project successfully completed the goal that was set in the beginning.

7.3 Availability and Requirements :

1. Project Name : Solving Protein-Protein Docking using Convolutional Neural Networks

2. Operating System : Platform Independent

3. Programming Language : Python 2.7, JAVA

4. Other Requirements : Tensorflow, Keras, Python Packages
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7.4 Conclusion :

In this project, we have developed a neural network classifier that when given a pdb file 

containing information on the Protein Protein dockings, outputs a rating dictating the quality 

of the docking observed. 

The process of developing the classifier was a complex one, owing to the fact that the data 

that was used by the neural network to learn had many parameters present while the learning 

was to be done based on a specific field of data. Hence, as a result, we were required to 

modify the dataset, solve for data errors and convert the data into an appropriate format for 

the network to learn from. When these tasks were completed, we were able to make the 

network learn about the problem and solve it, which was validated by the results from the 

testing dataset.

7.5 Personal Conclusion :

This project has taught me many things both in the field of Neural Networks and also outside 

of it. I was able to gain valuable practical knowledge while working on my project and also 

gained theoretical knowledge through the resources availble in the Library. I was able to 

realize the importance of Planning and Time Management. I am sure given any project now, I 

can work hard and make innovation on the project.
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