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                                                   Abstract 

Suicides in the Military have increased over the last ten years. High mental stress 

may cause suicide ideations which are crucially driving suicide attempts. However, 

traditional statistical methods could only find a moderate degree of correlation 

between psychological stress and suicide ideation in non-psychiatric individuals. 

This paper utilizes machine learning techniques including gradient boosting 

regression tree, support vector machine and multilayer perception to predict the 

presence of suicide ideation by six important psychological stress domains of the 

military males and females. We are going to use 4 steps which are 1. Data collection, 

2.Data Preprocessing, 3.Feature Extraction, 4.Classfication.The proposed 

algorithms can improve the performances of accuracy, sensitivity, specificity, 

precision. This SVM algorithm provides the best predictions of suicide ideation. This 

can be compare with the other algorithms which can help to improve the predictions. 

The Support Vector Machine algorithm is a most popular supervised learning 

algorithm which is used for classification and regression. This can improve the 

accuracy of suicide ideation predictions which can help to decrease the suicides in 

military. 
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CHAPTER -1 

INTRODUCTION 

1.1 PROJECT OUTLINE: 

       TITLE OF THE PROJECT :- SUICIDE IDEATION PREDICTION FOR MILITARY  

                                                      PERSONNEL USING SVM ALGORITHM. 

1.2 INTRODUCTION      

Military personnel have greater psychological stress and are at higher suicide 

attempt risk compared with the general population. High mental stress may cause suicide 

ideations which are crucially driving suicide attempts. However, traditional statistical 

methods could only find a moderate degree of correlation between psychological stress 

and suicide ideation in non-psychiatric individuals. This paper utilizes machine learning 

techniques including logistic regression, decision tree, random forest, gradient boosting 

regression tree, support vector machine and multilayer perceptron to predict the presence 

of suicide ideation by six important psychological stress domains of the military males 

and females. The accuracies of all the six machine learning methods are over 98%. 

Among them, the multilayer perceptron and support vector machine provide the best 

predictions of suicide ideation approximately to 100%. As compared with the BSRS-5 

score ≥ 7, a conventional criterion, for the presence of suicide ideation ≥ 1, the proposed 

algorithms can improve the performances of accuracy, sensitivity, specificity, precision, 

the AUC of ROC curve and the AUC of PR curve up to 5.7%, 35.9%, 4.6%, 65.2%, 4.3% 

and 53.2%, respectively; and for the presence of more severely intense suicide ideation 

≥ 2, the improvements are 6.1%, 26.2%, 5.8%, 83.5%, 2.8% and 64.7%, respectively. 
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CHAPTER-2 

LITERATURE SURVEY 

2.1Body composition in the military services: Standards and methods (2015) 

The development of standards for body composition in the U.S. Navy and the 

methods of body composition assessment in use by the military services today. Navy's 

policy that judgments about appearance are subjective.  

2.2Application of three-dimensional body scanner: Observation of prevalence of 
metabolic syndrome (2015) 

This retrospective cross-sectional study correlates blood pressure, blood glucose, 

lipid and uric acid levels with anthropometric measurements. It does not give accurate 

value. 

2.3Do measures of body fat distribution provide information on the risk of type 2 
diabetes in addition to measures of general obesity (2016) 
 

To investigate which anthropometric measurements of obesity best predict type 2 
diabetes in a population of Pima Indians and whether additional information on diabetes 
risk. manually corrected in case of failure of automatic detection. 
 
2.4Waist circumference and abdominal sagittal diameter as surrogates of body fat 
distribution in the elderly: Their relation with cardiovascular risk factors(2017) 
 

Recent works on automatic land-marking try to make the automatic analysis more 
robust, for example against pose variation If the legs are not in contact under the knee 
and arms are not adherent to the trunk under the elbow. 

 
2.6SCAPE: shape completion and animation of people (2015) 
 

An approach to derive geometric descriptors of a body con-sists of creating a 
statistical model of shape and pose from annotated examples. observation and palpation 
by expert anthropometrists which are difficult to locate only through marker-less digital 
acquisitions.  
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CHAPTER-3 

3.1AIM AND SCOPE OF THE PROJECT 

Our Aim Military Stress-ML should meet the basic requirements, i.e., predict the 

churning of the military, find the accuracy of the above algorithms and find the efficient 

one. Efficient model predicts the Military Personnel and helps in relieving the Military 

Personnel from the stress and help them in retaining in the respective in the respective 

Military service.  

3.2EXISTING SYSTEM  

Stressed military, tend to cease doing work  in a given time period which has 

become a significant problem for many firms. There are numerous predictive modeling 

techniques for predicting military personals behavior and their satisfactory level. These 

vary in terms of statistical technique (e.g., neural nets versus logistic regression), variable 

selection method (e.g., theory versus stepwise selection), and number of variables 

included in the model.  

We have highlighted below  algorithm and its predicting techniques 

• KNN algorithm 

3.2.1K Nearest Neighbour 
KNN algorithm is one of the simplest classification algorithm. Even with such simplicity, it 

can give highly competitive results. KNN algorithm can also be used for regression 

problems. KNN algorithm which when implemented helps to predict wither the Military 

will churn or not. But the accuracy level is not so high. 
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Limitations 
 The major disadvantage in KNN is determining the K value . Distance based 

classifier makes a very strong assumption on the shape of your data distribution, i.e. any 

two features are independent given the output class.  

Another problem happens due to data scarcity. For any possible value of a feature, 

you need to estimate a likelihood value by a frequents approach. This can result in 

probabilities going towards 0 or 1, which in turn leads to numerical instabilities and worse 

results. In this case, you need to smooth in some way your probabilities or to impose 

some prior on your data. 

 

3.2PROPOSED SYSTEM 

• SVM algorithm 

3.2.1SVM ALGORITHM 
 

SVM algorithm developed by Vapnik, is based on statistical learning theory. In 

some classification cases, we try to find an optimal hyper-plane that separates two 

classes. When the two classes of points in the training set can be separated by a linear 

hyper-plane, it is natural to use the hyper-plane that separates the two groups of points 

in the training set by the largest margin. In order to find an optimal hyper-plane, we need 

to minimize the norm of the vector w, which defines the separating hyper-plane. This is 

equivalent to maximizing the margin between two classes.  
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Limitations 
Military stress prediction is a problem of classification between “happy” and 

“stressed” Military. But when the number of the negative examples is too small, the 

generalization performance of SVM classifier must be weak, and the error rates is proved 

unsatisfactory. 

In this paper, we review the existing works on Military stress prediction in three different 

perspectives: datasets, methods, and metrics. Firstly, we present the details about the 

availability of public datasets and what kinds of military details are available for predicting 

Military stress, which leads to churn. Secondly, we compare and contrast the various 

predictive modeling methods that have been used in the literature for predicting the 

churners using different categories of Military records, and then quantitatively compare 

their performances. Finally, we summarize what kinds of performance metrics have been 

used to evaluate the existing churn prediction methods. Analyzing all these three 

perspectives is very crucial for developing a more efficient churn prediction system for 

telecom industries.  

 This is because of Military stress and un-satisfaction with the job. From a machine 

learning perspective, military stress (probable churn) prediction is a supervised (i.e. 

labeled) problem defined as follows: Given a predefined forecast horizon, the goal is to 

predict the future churners over that horizon, given the data associated with each 

subscriber in the network. 

Churn Prediction is a phenomenon which is used to identify the possible churners 

in advance before they leave the network. This helps the CRM department to prevent 

subscribers who are likely to churn in future by taking the required retention policies to 

attract the likely churners and to retain them. Thereby, the potential loss of the company 

could be avoided.  
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The input for this problem includes the data on past calls for each mobile 

subscriber, together with all personal and business information that is maintained by the 

service provider. In addition, for the training phase, labels are provided in the form of a 

list of churners. After the model is trained with highest accuracy, the model must be able 

to predict the list of churners from the real dataset which does not include any churn label. 

In the perspective of knowledge discovery process, this problem is categorized as 

predictive mining or predictive modeling. 

We are analyzing the Churn data with DNN – Deep Neural Network and Random 

forest . As both the algorithms are a deep investigator of data , the accuracy of the 

prediction can be increased . 
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3.3SYSTEM ARCHITECHTURE: 
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CHAPTER-4 

4.1SOFTWARE DEVELOPMENT AND METHODOLOGY 

4.2SYSTEM REQUIREMENTS: 

4.2.1HARWARE REQUIREMENTS  

 

• SYSTEM                                :   PENTIUM DUAL CORE 

• HARD DISK                            :   120 GB 

• MONITOR                               :   15” LCD 

• INPUT DEVICE                       :   KEYBOARD, MOUSE 

• RAM                                        :   8 GB 

  

4.2.2SOFTWARE REQUIREMENTS 

   

• OPERATING SYSTEM                   :  WINDOWS 10 

• PROGRAMMING LANGUAGE       :  PYTHON 

• TOOLS                                            :  ANACONDA,SPYDER,PYTHON 

• DATABASE                                     :  KERAS LIBRARY 

 

 



9 
 
 

 

 

 

 

 

                      

 

4.3METHODOLOGY 

4.3.1DATA DISCOVERY MODEL 

Data extraction : 

We have collected the Telecom Industry Churn dataset . We are using this data 

info to predict the churning of military from that particular telecom industry for the current 

year and make appropriate preparations.Importing the Pandas gives massive 

functionality to work on data. Along with Pandas importing all the required libraries are 

even imported. 

 Preprocessing : 

The data has to Cleaned before loading into the Neural Classifier .For  each  

customer,  I  collected  a  total  of  972  variables,  divided  into  major categories shown in 

Table 1. The full list of variables is provided in S1 Table. All data elements  were  obtained  

from  the  enterprise  data  warehouse,  using  SQL  queries  to extract relevant raw-data in 

comma-separated value format. All subsequent processing was done in R. The link to a 

repository containing the de-identified dataset and R scripts are available in S1 Text. Below, 

I summarize the processing steps for each category. 
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4.3.1 DATA COLLECTION AND PREPROCCESSING 
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Adding the output layer 

classifier.add(Dense(output_dim = 1, init = 'uniform', activation = 'sigmoid')) 

 

 

First argument is Optimizer, this is the algorithm I use to find optimal set of 

weights. This algorithm is Stochastic Gradient descent(SGD). Among several 

types of SGD algorithm the one which I will use is ‘Adam’. If I go in deeper detail of 

SGD, I will find that SGD depends on loss thus our second parameter is loss. Since 

out dependent variable is binary, I will have to use logarithmic loss function called 

‘binary_crossentropy’, if our dependent variable has more than 2 categories in output 

then use ‘categorical_crossentropy’. I want to improve performance of our neural 

network based on accuracy so add metrics as accuracy 

I can train our model on training data. I use fit method to the fit our model Batch size 

is used to specify the number of observation after which I want to update weight. 

Epoch is nothing but the total number of iterations. Choosing the value of batch size 

and epoch is trial and error there is no specific rule for that. 

 LabelEncoding :  

             Before running a model, we need to make this data ready for the model.To 

convert any kind of categorical text data into model-understandable numerical data, we 

use the Label Encoder class,   all we have to do is to label encode the first column. We 

import the Label Encoder class from the sklearn library, fit and transform the first column 

of the data, and then replace the existing text data with the new encoded data. 

Onehotencoding : 

One hot encoding is a process by which categorical variables are converted into a 

form that could be provided to ML algorithms to do a better job in prediction. This is why 

we use one hot encoder to perform “binarization” of the category and include it as a 

feature to train the model. 
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StandardScaler: 

StandardScaler is available in ScikitLearn  we are fitting and transforming 

StandardScaler method on train data. We have to standardize our scaling so we will use 

the same fitted method to transform/scale test data. 

 4.3.2 CLASSIFICATION MODEL 

Data visualisation and descriptive statistics: 

The extracted features are usually plotted against the output to check its relation to the 

output . 

 Data splitting into training (80%) and test sets (20%): 

In statistics and machine learning we usually split our data into two subsets: 

training data and testing data (and sometimes to three: train, validate and test), and fit 

our model on the train data, in order to make predictions on the test data. When we do 

that, one of two thing might happen: we overfit our model or we underfit our model. We 

don’t want any of these things to happen, because they affect the predictability of our 

model — we might be using a model that has lower accuracy and/or is ungeneralized 

(meaning you can’t generalize your predictions on other data).  

4.3.3 ANALYTICS USING MODEL 

Overfitting 

Overfitting means that model we trained has trained “too well” and is now, well, fit 

too closely to the training dataset. This usually happens when the model is too complex 

(i.e. too many features/variables compared to the number of observations).  
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This model will be very accurate on the training data but will probably be very not accurate 

on untrained or new data. It is because this model is not generalized (or not AS 

generalized), meaning we can generalize the results and can’t make any inferences on 

other data, which is, ultimately, what we are trying to do. Basically, when this happens, 

the model learns or describes the “noise” in the training data instead of the actual 

relationships between variables in the data. This noise, obviously, isn’t part in of any new 

dataset, and cannot be applied to it. 

Underfitting 

In contrast to overfitting, when a model is underfitted, it means that the model does 

not fit the training data and therefore misses the trends in the data. It also means the 

model cannot be generalized to new data. As you probably guessed this is usually the 

result of a very simple model (not enough predictors/independent variables). It could also 

happen when, for example, we fit a linear model  to data that is not linear. It almost goes 

without saying that this model will have poor predictive ability (on training data and can’t 

be generalized to other data). 

Train / Test Split 

The data we use is usually split into training data and test data. The training set 

contains a known output and the model learns on this data in order to be generalized to 

other data later on. We have the test dataset (or subset) in order to test our model’s 

prediction on this subset. 
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4.3.4PREDICTION USING MODEL 

 Predicting admissions based on the test data set 

 

Predicting the test set result. The prediction result will give you probability of the 

military churning out of the Telecom industry for the given period . We will convert that 

probability into binary 0 and 1. 

 

 

The evaluation of model performance based on predictions made on the test data  

 This is the final step where we are evaluating our model performance. We build 

Confusion matrix to check the accuracy of model. 

 

4.4ALGORITHMS  

The machine learning algorithms that has to be applied to the training data to build the 

models are  

4.4.1SVM ALGORITHM 
 

SVM algorithm developed by Vapnik, is based on statistical learning theory. In 

some classification cases, we try to find an optimal hyper-plane that separates two 

classes. When the two classes of points in the training set can be separated by a linear 

hyper-plane, it is natural to use the hyper-plane that separates the two groups of points 

in the training set by the largest margin. In order to find an optimal hyper-plane, we need 

to minimize the norm of the vector w, which defines the separating hyper-plane. This is 

equivalent to maximizing the margin between two classes.  
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 4.4.2Deep Neural Network  

Logistic regression is suitable for predicting a binary dependent variable, such as 

positive/negative; deceased/alive; or in this study, admit/not admit. The technique uses a 

logistic link function to enable the calculation of the odds of an outcome occurring. The 

second algorithm that was used was a random forest, specifically recursive partitioning 

from the RPART package . The RPART package is an implementation based on the 

model presented by Breiman and colleagues . This algorithm splits the data at each node 

based on the model presented by Breiman and colleagues .  

This algorithm splits the data at each node based on the variable that best separates the 

data until either an optimal model is identified or a minimum number of observations exists 

in the final (terminal) nodes .  

The resulting tree can then be pruned to prevent overfitting and to obtain the most 

accurate model for prediction . The third algorithm was a SVM which creates two vectors 

and tries to classify the data based on it . The last algorithm is KNN where the N defines 

the number of nearest neighbours and the value changes as and when the n changes 

.Thus all the algorithms can increase the prediction and accuracy of the Churn prediction 

in Telecom Industry . 
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4.5DATA FLOW DIAGRAM 

 

                                   4.5 Dataflow diagram for suicide ideation prediction 
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4.5.1DATA FLOW DIAGRAM LEVEL 1 FOR DATA PREPROCESSING 

From the  below diagram clearly explains the data is cleaned before loading 

to the Neural Network Classifier. Import the Label Encoder class from the sclera 

library, fit and transform the first column of the data, and then replace the existing 

text data with the new encoded data. One hot encoding is a process by which 

categorical variables are converted into a form that could be provided to ML 

algorithms to do a better job in prediction. This work fitting and transforming 

StandardScaler method on train data. 

 

 

 

4.5.1DATA FLOW DIAGRAM LEVEL 1 FOR DATA PREPROCESSING 
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4.5.2DATA FLOW DIAGRAM LEVEL 2 FOR FEATURE EXTRACTION 

 

From the below diagram explains the Feature extraction by Layering of 

data. For feature extraction, first select the data and process data for original 

feature. Then reduce the feature by transform refining data. This can be done by 

selecting the data by CSV file and process the data for original feature and it was 

transformed and refining data to reduced feature, finally it predicts the accuracy of 

churning. 

 

 

          4.5.2DATA FLOW DIAGRAM LEVEL 2 FOR FEATURE EXTRACTION 
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4.5.3DATA FLOW DIAGRAM LEVEL 2 FOR SPLITTING DATA 

From the  below diagram explains the Splitting data by two ways are Training 

dataset and Testing dataset. In statistics and machine learning we usually split our 

data into two subsets: training data and testing data (and sometimes to three: 

train, validate and test), and fit our model on the train data, in order to make 

predictions on the test data. When this work do that, one of two thing might happen: 

we overfit our model or we underfit our model. It don’t want any of these things to 

happen, because they affect the predictability of our model— Work might be using 

a model that has lower accuracy and/or is ungeneralized . 

 

4.5.3DATA FLOW DIAGRAM LEVEL 2 FOR SPLITTING DATA 
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4.5.4DATA FLOW DIAGRAM LEVEL 2 FOR CLASSIFYING DATA 

 

 

 
 

From above the diagram explains that Classification of data through DNN (Deep 

Neural Network) Algorithm Neural networks use randomness by design to ensure they 

effectively learn the function being approximated for the problem. Randomness is used 

because this class of machine learning algorithm performs better with it than without.The 

most common form of randomness used in neural networks is the random initialization of 

the network weights. A deep neural network is a neural network with a certain level of 

complexity, a neural network with more than two layers. Deep neural networks use 

sophisticated mathematical modeling to process data in complex ways. A neural network, 

in general, is a technology built to simulate the activity of the human brain – specifically,  

 



21 
 
 

 

 

 

 

 

4.5.5Data Flow Diagram Level 2 for Accuracy  Prediction 

From the above diagram explains how the accuracy emergency department 

prediction occurs using  the  classifier,  list  with  predicted  values  and  plot  the  

rainfall  graph. Predicting the test set result. The prediction result will give you 

probability of customers churning the telecom industry. This will convert that 

probability into binary 0 and 1. 1 for Churning the Telecom Industry and 0 for not 

churning . This is the final step where this work evaluating our model performance. 

It predicts the Confusion matrix to check the accuracy of model. 

 
             4.5.5Data Flow Diagram Level 2 for Accuracy  Prediction 
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4.5.6Usecase Diagram 

 

 

From the above diagram shows that it provides a global view of the 

actors involved in a system and the actions that the system performs, which in 

turn provide an observable result that is of value to the actors. Actors are an 

abstraction of the entity that interacts with the software. Here the system is 

partitioned simpler functions. The use case diagram of this software is as 

follows. 
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4.5.7Sequence Diagram of module 1 

 

In  the  above  sequence  diagram,  the  entities  used  are  data  sources,  extract, transform, 

load. The data source extract data from database which normalize the data and metadata 

management that performs mapping of data fileds. Data Mining Algorithm were used to 

generate RDF triple subnet dataset which transforms the data rate. 
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CHAPTER- 5 

 5.1 RESULTS AND DISCUSSION  

A total of 14 202 tweets were collected and based on the features only 1897 tweets were 

selected for training and testing. We made use of 34 different features. It is seen from the 

result that different algorithms give different accuracy on the same dataset. Table 4 

compares the performance of five different machine learning classifiers Bernoulli Naïve 

Bayes, Multinomial Naïve Bayes, Decision Tree, Logistic Regression and SVM. 

The confusion matrix to indicate the positive and negative results of the dataset from the 

above five algorithms are also shown below. In the confusion matrix TN (True Negative), 

TP (True Positive) shows the correct predicted values and FN (False Negative), FP (False 

Positive) shows the error values. The Twitter data is divided into training and testing in 

the ratio of 7:3, and after dividing it the training data contains 1327 tweets and the testing 

data contains 570 tweets. In case of Multinomial Naïve Bayes algorithm out of 570 tweets 

133 tweets are the error values and 437 tweets are the correct predicted values, in 

Bernoulli Naïve Bayes algorithm out of 570 tweets 123 tweets are the error values and 

447 tweets are the correct predicted values, in Decision Tree algorithm out of 570 tweets 

118 tweets are the error values and 452 tweets are the correct predicted values, in 

Logistic Regression algorithm out of 570 tweets 116 tweets are the error values and 454 

tweets are the correct predicted values and in Support Vector Machine algorithm out of 

570 tweets 118 tweets are the error values and 452 tweets are the correct predicted 

values 

The comparative performance evaluation shows that Logistic Regression gives best 

accuracy with 79.65%, precision with 48.28% and a very low recall with 12.17% on the 

other hand Bernoulli Naïve Bayes gives accuracy of 78.42%, the highest precision with 

50% and comparatively impactful recall with 30.89%. Each Classifier was evaluated 

against a manually annotated gold standard set producing precision, accuracy and recall 

statistics as shown in Table 5. As precision is a measure of result relevancy, while recall 

is a measure of how many truly relevant results are returned.  
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In case of our dataset it is clearly visible that Logistic Regression have the best 

precision and accuracy but the worst recall, on the other hand Multinomial Naïve Bayes 

have the best recall but not precision and accuracy, on the other hand Bernoulli Naïve 

Bayes gives accuracy of 78.42%, the highest precision with 50% and comparatively 

impactful recall with 30.89%. However, the accuracy of Logistic Regression is similar in 

comparison to some ensemble learning approaches like Voting Ensemble that is 79.65% 

but the recall increases in case of Random Forest with 32.17% having accuracy of 

78.77% and precision of 46.25%. Further, the proposed work is evaluated with some 

ensemble approaches.  

So we applied: • Random Forest which gives an Accuracy of 78.77%, Precision of 46.25% 

and Recall of 32.17%. • AdaBoost which gives an accuracy of 79.47%, Precision of 

47.06% and Recall of 13.91%. • Voting ensemble which gives an accuracy of 79.65%, 

Precision of 48.28% and Recall of 12.17%. In case of Voting Ensemble algorithm out of 

570 tweets 116 tweets are the error values and 454 tweets are the correct predicted 

values, in AdaBoost algorithm out of 570 tweets 117 tweets are the error values and 453 

tweets are the correct predicted values and in Random Forest algorithm out of 570 tweets 

121 tweets are the error values and 449 tweets are the correct predicted values .Next 

section contains the performance evaluation and the comparative analysis of different 

machine learning algorithms. 
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5.2 PERFORMANCE ANALYSIS  

PERFORMANCE ANALYSIS FOR DEEP NEURAL NETWORK AND SUPPORT 

VECTOR MACHINE 

Here various predicting models described for ED . This work has chosen DNN – Deep  

Neural Network. Neural networks use randomness by design to ensure they effectively 

learn the function being approximated for the problem. Randomness is used because this 

class of machine learning algorithm performs better with it than without. 

The most common form of randomness used in neural networks is the random 

initialization of the network weights. Although randomness can be used in other areas, 

here is just a short list: 

• Randomness in Initialization, such as weights. 

• Randomness in Regularization, such as dropout. 

• Randomness in Layers, such as word embedding. 

• Randomness in Optimization, such as stochastic optimization. 

A deep neural network is a neural network with a certain level of complexity, a neural 

network with more than two layers. Deep neural networks use sophisticated mathematical 

modeling to process data in complex ways. A neural network, in general, is a technology 

built to simulate the activity of the human brain – specifically, pattern recognition and the 

passage of input through various layers of simulated neural connections. 
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Many experts define deep neural networks as networks that have an input layer, 

an output layer and at least one hidden layer in between. Each layer performs specific 

types of sorting and ordering in a process that some refer to as “feature hierarchy.” One 

of the key uses of these sophisticated neural networks is dealing with un labeled or 

unstructured data. The phrase “deep learning” is also used to describe these deep neural 

networks, as deep learning represents a specific form of machine learning where 

technologies using aspects of artificial intelligence seek to classify and order information 

in ways that go beyond simple input/output protocols. 
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CHAPTER-6 

 6.1 CONCLUSION 

Uses machine learning techniques for several psychological stress 

dimensions training on the prediction of suicide ideation. This paper utilizes 

six machine learning techniques to predict the presence of any or more 

severely intense suicide ideation of military personnel. Normalization of 

input data and imbalanced classification strategy facilitate the prediction of 

machine learning methods. The experimental results show that the 

techniques of MLP and SVM provide the best performance for the two 

predictions.  

6.2 FUTURE WORK: 

The future approach is to investigate tweets to identify suicidal ideation using 

machine learning classifiers. As most of the individuals express suicidal 

ideation on social media platform frequently and motivated and instigated by 

others. Data is collected from a popular social networking site known as 

Twitter.  

• Clinical data, which includes patient’s description about insomnia or sleep 

deprivation, chronic pain, high anxiety, impulsivity, bipolar disorder, 

hopelessness etc.  

 • Semantics of written Blog posts,  

• Tweets and interaction within the group and others.  

• Shared photos and videos from Snapchat, Instagram, Facebook and so on. 
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APPENDIX 

A.PLAGIARISM REPORT 
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B.Base Paper 
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C.Source Code 

import numpy as np 

import pandas as pd 

import matplotlib 

 

 

import theano 

import tensorflow 

import keras 

 

#dataset = pd.read_csv('C:\\Users \\ Churn.csv', encoding = "ISO-8859-1", 

header=None) 

dataset = pd.read_csv('D:\\ Churn\\ Churn.csv') 

X = dataset.iloc[:, 0:20].values 

y = dataset.iloc[:, 20].values 

 

 

from sklearn.preprocessing import LabelEncoder, OneHotEncoder 

labelencoder_X_0 = LabelEncoder() 

X[:, 0] = labelencoder_X_0.fit_transform(X[:, 0]) 

 

 

labelencoder_X_2 = LabelEncoder() 

X[:, 1] = labelencoder_X_2.fit_transform(X[:, 1]) 
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labelencoder_X_2 = LabelEncoder() 

X[:, 2] = labelencoder_X_2.fit_transform(X[:, 2]) 

 

 

labelencoder_X_3 = LabelEncoder() 

X[:, 3] = labelencoder_X_3.fit_transform(X[:, 3]) 

 

 

labelencoder_X_4 = LabelEncoder() 

X[:, 4] = labelencoder_X_4.fit_transform(X[:, 4]) 

 

 

labelencoder_X_5 = LabelEncoder() 

X[:, 5] = labelencoder_X_5.fit_transform(X[:, 5]) 

 

 

labelencoder_X_6 = LabelEncoder() 

X[:, 6] = labelencoder_X_6.fit_transform(X[:, 6]) 

 

 

labelencoder_X_7 = LabelEncoder() 

X[:, 7] = labelencoder_X_7.fit_transform(X[:, 7]) 

 

 

labelencoder_X_8 = LabelEncoder() 

X[:, 8] = labelencoder_X_8.fit_transform(X[:, 8]) 
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labelencoder_X_9 = LabelEncoder() 

X[:, 9] = labelencoder_X_9.fit_transform(X[:, 9]) 

 

 

labelencoder_X_10 = LabelEncoder() 

X[:, 10] = labelencoder_X_10.fit_transform(X[:, 10]) 

 

 

labelencoder_X_11 = LabelEncoder() 

X[:, 11] = labelencoder_X_11.fit_transform(X[:, 11]) 

 

 

labelencoder_X_12 = LabelEncoder() 

X[:, 12] = labelencoder_X_12.fit_transform(X[:, 12]) 

 

 

labelencoder_X_13 = LabelEncoder() 

X[:, 13] = labelencoder_X_13.fit_transform(X[:, 13]) 

 

 

labelencoder_X_14 = LabelEncoder() 

X[:, 14] = labelencoder_X_4.fit_transform(X[:, 14]) 
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labelencoder_X_15 = LabelEncoder() 

X[:, 15] = labelencoder_X_15.fit_transform(X[:, 15]) 

 

 

 

 

onehotencoder = OneHotEncoder(categorical_features = [1]) 

X = onehotencoder.fit_transform(X).toarray() 

X = X[:, 1:] 

 

 

from sklearn.model_selection import train_test_split 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2) 

 

from sklearn.preprocessing import StandardScaler 

sc = StandardScaler() 

X_train = sc.fit_transform(X_train) 

X_test = sc.transform(X_test) 

 

 

import keras 

from keras.models import Sequential 

from keras.layers import Dense 

 

 

classifier = Sequential() 
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classifier.add(Dense(output_dim = 6, init = 'uniform', activation = 'relu', input_dim 

= 20)) 

classifier.add(Dense(output_dim = 6, init = 'uniform', activation = 'relu')) 

classifier.add(Dense(output_dim = 1, init = 'uniform', activation = 'sigmoid')) 

classifier.compile(optimizer = 'adam', loss = 'binary_crossentropy', metrics = 

['accuracy']) 

classifier.fit(X_train, y_train, batch_size = 10, nb_epoch = 100) 

y_pred = classifier.predict(X_test) 

y_pred = (y_pred > 0.5) 

 

 

from sklearn.metrics import confusion_matrix 

cm = confusion_matrix(y_test, y_pred) 

 

 

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis as LDA 

lda = LDA(n_components=1) 

X_train = lda.fit_transform(X_train, y_train) 

X_test = lda.transform(X_test) 

from sklearn.ensemble import RandomForestClassifier 

classifier = RandomForestClassifier(max_depth=2, random_state=0) 

classifier.fit(X_train, y_train)   

y_pred = classifier.predict(X_test) 

 

 

from sklearn.metrics import confusion_matrix   
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from sklearn.metrics import accuracy_score 

 

 

cm = confusion_matrix(y_test, y_pred)   

print(cm)   

print('Accuracy' + str(accuracy_score(y_test, y_pred))) 

 

 

 

''' Knn ''' 

 

 

 

from sklearn import metrics 

from sklearn.neighbors import KNeighborsClassifier 

from sklearn.linear_model import LogisticRegression 

from sklearn.model_selection import train_test_split 

 

''' Chi Feature Extraction Start''' 

 

from sklearn.feature_selection import SelectKBest  

from sklearn.feature_selection import chi2 

 

X = X.astype(int) 

X_train= X_train.astype(int) 

X_test= X_test.astype(int) 
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chi2_features = SelectKBest(chi2)  

X_kbest_features_train = chi2_features.fit_transform(X_train, y_train) 

print('Original feature number:', X.shape[1])  

print('Reduced feature number:', X_kbest_features_train.shape[1]) 

 

X_kbest_features_test = chi2_features.fit_transform(X_test, y_test) 

print('Original feature number:', X.shape[1])  

print('Reduced feature number:', X_kbest_features_test.shape[1]) 

 

 

'''SVM  ''' 

 

import pandas as pd   

import numpy as np   

import matplotlib.pyplot as plt   

 

 

 

from sklearn.svm import SVC   

svclassifier = SVC(kernel='linear')   

svclassifier.fit(X_train, y_train) 

 

from sklearn.metrics import classification_report, confusion_matrix   

print(confusion_matrix(y_test,y_pred))   

print(classification_report(y_test,y_pred)) 
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'''Random Forest ''' 

 

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis as LDA 

lda = LDA(n_components=1) 

X_train = lda.fit_transform(X_train, y_train) 

X_test = lda.transform(X_test) 

from sklearn.ensemble import RandomForestClassifier 

classifier = RandomForestClassifier(max_depth=2, random_state=0) 

 

from sklearn.metrics import confusion_matrix   

from sklearn.metrics import accuracy_score 

 

 

cm = confusion_matrix(y_test, y_pred)   

print(cm)   

print('Accuracy' + str(accuracy_score(y_test, y_pred))) 
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 D.Implemented Screenshots 

 

 

 

 

 

 

 

                             B1.  SPLITTING OF DATA 
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                                         B2. EPOCH COUNT FOR PREDICTION 
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                               B3.EPOCH COUNT FOR PREDICTION 
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                             B4. ACCURACY FOR SVM ALGORITHM 

 

 

 

 

 

 


