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ABSTRACT

Nowadays, the task of preventing suicide is one of the priorities in the health sector.
Therefore, it is important to identify people prone to suicide at an early stage. This
article discusses the possibility of real-time detection of visited websites containing
suicidal statements. The classification of web pages is based on the analysis of the text
contained on it. This work can be divided into two parts: creating a browser extension
and the server. The extension collects information about the content of the web pages
visited by the user and transmits it to the server. The page classification process takes
place on the server. In the final part of this work, a comparison of the effectiveness of
detecting suicidal websites using various machine learning algorithms is presented.

About 800 000 people commit suicide every year and detecting suicidal people remains
a challenging issue as mentioned in a number of suicide studies. With the increased
use of social media, we witnessed that people talk about their suicide plans or attempts
in public on these networks.This paper addresses the problem of suicide prevention by
detecting suicidal profiles in social networks.First, we analyses profiles from social
media and extract various features including account features that are related to the
profile and features that are related to the social media data.Second, we introduce our
method based on machine learning algorithms to detect suicidal profiles using Twitter
data. Then, we use a profile data set consisting of people who have already committed
suicide.Experimental results verify the effectiveness of our approaching terms of recall

and precision to detect suicidal profiles. Finally, we present a Java based prototype of

our work that shows the detection of suicidal profiles.
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Chapter 1

INTRODUCTION

At the moment, the task of preventing suicide is relevant, because according to
statistics of the World Health Organization every year more than 800 000 people
commit suicide. According to the same data, the Russian Federation is among
the five countries with the highest number of suicides per 100,000 inhabitants.
Since the Internet is the easiest way to distribute suicidal content in the form of
various web pages dedicated to suicide, a large number of organizations are
trying to solve this problem, for example, the popular social network Facebook,
which detects suspicious profiles of users prone to suicide, and posts containing
suicidal content. In addition to social networks, federal services are trying to
solve the problem, for example, in Russia Roskomnadzor in 2016 published
recommendations for disseminating information about suicide cases in the
media, which probably affects the results of search engines on this topic. In
addition, since 2006 there has been a unified register that contains websites
blocked in the Russian Federation. However, blocking does not happen
immediately. Some people manage to visit dangerous web pages. Manual
blocking of suicidal websites can hardly be called an effective measure in the
fight against the spread of suicidal content. Since after several years of such
blockages, the number of child suicides in Russia has risen sharply again. In
addition to the «death groups» in social networks that platform developers are
already actively fighting, one of the reasons may be that websites with suicidal
content can create their own copies (mirrors). This article discusses the
possibility of detecting such web pages by analyzing their content in real time
using machine learning algorithms. Detection occurs on the client's side. In this
way, with sufficient accuracy to identify dangerous websites visited by the user, it

is possible to identify a person who is suicidal at an early stage.
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1.1 EXISTING SYSTEM:

e context utilize publicly shared attributes including name, gender, location, and
other information to identify user profiles in social networks

e However, due to the privacy settings, user’s attributes are not available in
many cases and this makes these existing works fragile. In addition, some
researchers address the problem of suicide .

e However, even though tweets contain rich information that can identify users,
they can miss some significant details that maybe available on the user
profile public attributes and may contribute to a higher accuracy of suicide
detection.

e Apart from these works, we utilize in our approach both user shared
information that we call account features and tweets as an attempt to solve
the problem of suicidal profiles detection. First, posted tweets pose important
challenges to infer more information about users. The most relevant
challenge is semantic features that are difficult to extract directly from user’s
posted tweets such as stylometry, writing style, sentiments, emoji's,
hashtags, n-grams, etc.

e Instead of many existing studies that ignore these features to identify users,
we analyses tweets and extract as much as possible of semantic features.

e Second, adding account features to the user’s posted tweets can help to
improve the suicide detection task since they may reflect the habits and

characteristics of users.
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1.2 PROBLEM STATEMENT:

e In the present system, the system is actualized to comprehend the network
and correspondence attributes of Twitter clients whose duty is to produce the
content therefore arranged by a human expert as containing reasonable
self-destructive expectation or considering, usually, alluded to as self-
destructive ideation.

e Poor performing in data mining.

e Less efficiency.

e Resultis not accurate.

1.3 PROPSOED SYTEM:

e In this work, we propose a method for detecting suicidal profiles. First, we
analyses a number of profiles from the social network through exploiting the
maximum of available data

e Then, we adopt several features to distinguish between suicidal and not
suicidal profiles.

e These features can be explicitly extracted from the user profile or implicitly
inferred using different data mining tools and techniques.

e Here, we focus on emotional features and sentiment analysis, which gives

indications about the psychological state of suicidal profiles.
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We further use account features to identify users through the shared
information on their profiles.

We finally present each user as a vector that integrates all the used features.

1.4 ADVANTAGES:

NLP approaches focus on the analysis of acoustic and linguistic aspects of
human language derived from speech and text and can be integrated with
machine learning approaches to classify depression and its severity .
Advantages of using these approaches to understand depression symptoms
through speech include high ecological validity, low subjectivity, low cost of
frequent assessments, and quicker administration of tasks compared to
standard assessments.

An added benefit of speech analysis using NLP is that speech data can be
collected remotely, meeting a vital need for remote cognitive and behavioral
assessments in the era of the coronavirus disease (COVID-19) pandemic .
With an aging population globally, the identification and treatment of
depression in older adults is critical. NLP approaches are proving to be a
promising means to help assess, monitor, and detect depression and other

comorbidities in both younger and older individuals.
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CHAPTER 2

2.1 MACHINE LEARNING ALGORITHMS:

e Random Forest:

Random forest algorithm, like its name implies, consists of a large number of
individual decision trees that operate together. Each individual tree in the random
forest spits out a class prediction and the class with the most votes becomes our

model’s prediction.

e Decision Tree:

A decision tree is a tree-like graph with nodes representing the place where we
pick an attribute and ask a question; edges represent the answers to the
question; and the leaves represent the actual output or class label. They are

used in non-linear decision making with a simple linear decision surface.

e Naive Bayes:

Naive Bayes classifiers are a collection of classification algorithms based on
Bayes’ Theorem. It is not a single algorithm but a family of algorithms where all of
them share a common principle, i.e. every pair of features being classified is

independent of each other.
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e | ogistic Regression:

The logistic regression is a predictive analysis. Logistic regression is used to
describe data and to explain the relationship between one dependent binary
variable and one or more nominal, ordinal, interval or ratio-level independent

variables.

e K-nearest Neighbours:

K nearest neighbors is a simple algorithm that stores all available cases and
classifies new cases based on a similarity measure (e.g., distance functions).
KNN has been used in statistical estimation and pattern recognition already in

the beginning of 1970's as a non-parametric technique.

Traditionally, there was no such system to keep an eye on various websites or
any suspicious words present online. Cops were unable to track the terrorist
related website or any person with suspicious information. The ratio of terrorism
is high in today’s world. There must be a system to track those suspicious word
online and bring down the ratio of terrorism. In various arrangements and have
images, videos etc. intermixed on a single web page. So we here propose to use
smartly designed web mining algorithms to mine textual information on web
pages and detect their relevancy to terrorism. In this way we may judge web
pages and check if they may be promoting terrorism. This system proves useful
in anti-terrorism sectors and even search engines to classify web pages into the
category. Their relevance to the field helps classify and sort them appropriately

and flag them for human review.

2.2 EXPERIMENTS:

There are different ways to detect people who are suicidal. In this article, we will

discuss a method based on the analysis of text content. At the initial stage of
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work, the profiles of people in the popular Russian social network VK were
supposed to be used as the analyzed web pages. However, a long manual
search for profiles with suicidal content did not yield results. The search was
conducted among groups of people in communities associated with suicide.
Similar communities were searched for by keywords: "suicide", "death",
"self-murder" and others. Most of the viewed profiles were hidden by the privacy
settings, which made it impossible to access the profile content for further
analysis. More than half of the remaining people did not have any obvious signs
in their profiles indicating that they were suicidal, or their profiles were

already blocked. Also considered were "dead pages" groups that contain pages
of dead people. Next, we looked at the profiles of supposedly dead users whose
cause of death was suicide. The profiles of such users also did not show any
obvious signs of suicidal tendencies. Most likely, this is due to the fact that since
about 2019, the social network VK has created its own algorithms based on
neural networks that can detect users who are suicidal. At this stage, it became
clear that it would be ineffective to conduct further research based on the VK
social network, since we will be working with already filtered data. A client
application was developed that reads the source code of the page, as an
extension for the Google Chrome browser. The extension extracts text content
and sends it over the HTTP Protocol to a web server developed in Python. One
of the standard Python libraries, «http.server», was chosen for the server
implementation. After receiving the page text, it is processed:

1. The text is divided into sentences.

2. All sentences are translated into the Russian language.

3. All punctuation marks, extraneous characters and numbers are removed from
sentences.

4. The words of such parts of speech as conjunctions, particles, numbers,
interjections and prepositions are deleted, except for "not" and "neither".

5. Lemmatize sentences (reduction of words to their initial form).

After preprocessing, the sentences are analyzed using a pretrained machine

learning algorithm that binary classifies them into potentially dangerous and safe
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ones. We then calculate the percentage of the number of sentences determined
by the algorithm as related to suicide T to the total number of sentences on web
page A.

T/A*100>P

If according to formula the percentage of dangerous offers exceeds a certain
threshold P, the user's access to the web page is limited. This solution let us to
identify a person prone to suicide even at the stage of visiting suspicious web
pages. In addition, the extension lets us to partially implement the "parental
control" function, that is, when you visit dangerous web pages, a parent is

notified.

Let us consider each of the points in more detail:

1.To simplify the processing of text by the machine learning algorithm, the text
should be split into sentences. The decision to split the text into sentences is also
related to the format of the available training sample, which will be discussed
later. In addition, at this stage, all words are separated by one space.

2.Since the user can visit websites not only in Russian, but also in a foreign
language, it is necessary to translate the text content of web pages into Russian.
For this, the library «googletrans» was used, which uses Google Translate. It
should be noted that this library allows us to automatically detect the language of
the text of a web page and translate it into Russian.

3.Numbers, like special characters, cannot significantly affect the meaning of a
sentence, so they were removed.

4.In the Russian language, there are parts of speech that that could not affect the
attitude of the text to suicide ("I", "a", "ten", "oh"). For this reason, and to increase
the effectiveness of recognizing suicidal sentences, the words of these parts of
speech were removed from the sentences. However, there are "not" and "nor"
particles that can greatly affect meaning of a phrase and sentence. For example,
the sentences «l want to live» and «l do not want to live» have exactly the
opposite meaning, so the particles «not» and «neither» are saved. To determine

the part of speech, the «pymorphy2» library was used [20]. 5. Lemmatization is
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the process of reducing a word to its normal form. In Russian, there are many
different endings and forms of the same word. In this regard, all the words of the
sentences go through this process.

This process is to improve the accuracy of text classification by machine learning
algorithms. The «pymorphy2» library was also used for this purpose. For training
and checking of accuracy, a pre-prepared dataset was used, which was collected
based on other articles in this area and divided into training and test samples.
The training sample, which was used to train the models, contained
approximately 700.000 sentences, and the test sample, on which the accuracy of
the algorithms was checked, contained about 2.000. The data is binary marked:
1 - the sentence contains a suicidal statement, O - the sentence does not contain
a suicidal statement. The data format of this set is like the format to which the
content of the web pages was converted.

Fragment from the training sample: «l go for a walk with my dog» - 0, «l really
want to die» - 1. Then the text is vectorized using the built-in «scikit-learn»
module «CountVectorizer». Then the converted text is submitted for training in
different algorithms. After that, a control group of web pages was assembled to
test the algorithms in close-to-reality conditions. The control group of websites
consisted of 50 web pages, half of which contained text content with suicidal
statements. The other half contained completely ordinary random sites of
different topics that are not related to suicide. For example, we considered a
threshold of 10% and 50%. The results of detecting dangerous web pages using
different algorithms are shown below. For each threshold and algorithm, the

percentage of correctly detected web pages was presented.
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2.3 BLOCK DIAGRAM:
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ALGORITHM USED :
3.1 LOGISTIC REGRESSION :

What is Logistic Regression?

| hope the preceding discussion has provided us with a better understanding of
machine learning and its various types. Logistic Regression is a Machine
Learning method that is used to solve classification issues. It is a predictive
analytic technique that is based on the probability idea. The classification
algorithm Logistic Regression is used to predict the likelihood of a categorical
dependent variable. The dependant variable in logistic regression is a binary
variable with data coded as 1 (yes, True, normal, success, etc.) or 0 (no, False,

abnormal, failure, etc.).

The goal of Logistic Regression is to discover a link between characteristics and
the likelihood of a specific outcome. For example, when predicting whether a
student passes or fails an exam based on the number of hours spent studying,

the response variable has two values: pass and fail.

A Logistic Regression model is similar to a Linear Regression model, except that
the Logistic Regression utilizes a more sophisticated cost function, which is

known as the “Sigmoid function” or “logistic function” instead of a linear function.

Many people may have a question, whether Logistic Regression is a
classification or regression category. The logistic regression hypothesis suggests
that the cost function be limited to a value between 0 and 1. As a result, linear
functions fail to describe it since it might have a value larger than 1 or less than

0, which is impossible according to the logistic regression hypothesis.
Behind every great leader, there was an even greater

logistician
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Logistic Regression Model
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3.1.1 - Fig

To answer this question, Logistic Regression is considered a regression model
also. This model creates a regression model to predict the likelihood that a given
data entry belongs to the category labeled “1.” Logistic regression models the
data using the sigmoid function, much as linear regression assumes that the data

follows a linear distribution.

Why the name Logistic Regression?
It's called ‘Logistic Regression’ since the technique behind it is quite similar to
Linear Regression. The name “Logistic’ comes from the Logit function, which is

utilized in this categorization approach.

Why we can’t use Linear Regression instead of Logistic Regression?
Before answering this question, we will explain from Linear Regression concept,
from the scratch then only we can understand it better. Although logistic
regression is a sibling of linear regression, it is a classification technique, despite
its name. Mathematically linear regression can be explained by,

y=mx+c

y — predicted value

m — slope of the line
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X — input data

c- Y-intercept or slope

We can forecast y values such as using these values. Now observe the below
diagram for a better understanding, The x values are represented by the blue
dots (the input data). We can now compute slope and y coordinate using the
input data to ensure that our projected line (red line) covers most of the locations.
We can now forecast any value of y given its x values using this line.

One thing to keep in mind about linear regression is that it only works with
continuous data. If we want to include linear regression in our classification
methods, we’ll have to adjust our algorithm a little more. First, we must choose a
threshold so that if our projected value is less than the threshold, it belongs to
class 1; otherwise, it belongs to class 2. Now, if you're thinking, “Oh, that’s
simple, just create linear regression with a threshold, and hurray!, classification
method,” there’s a catch. We must specify the threshold value manually, and
calculating the threshold for huge datasets will be impossible. Furthermore, even
if our anticipated values vary, the threshold value will remain the same. A logistic
regression, on the other hand, yields a logistic curve with values confined to O
and 1. The curve in logistic regression is generated using the natural logarithm of
the target variable’s “odds,” rather than the probability, as in linear regression.
Furthermore, the predictors need not be regularly distributed or have the same

variance in each group.

And now the question?

This famous title question was explained by our beloved person Andrew Ng,
assume we have information about tumor size and malignancy. Because this is a
classification issue, we can see that all the values will fall between 0 and 1. And,
by fitting the best-found regression line and assuming a threshold of 0.5, we can
do a very good job with the lineEven if we fit the best-found regression line, we
won’t be able to determine any point where we can distinguish classes. It will
insert some instances from the positive class into the negative class. The green

dotted line (Decision Boundary) separates malignant and benign tumors,
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however, it should have been a yellow line that clearly separates the positive and
negative cases. As a result, even a single outlier can throw the linear regression

estimates off. And it's here that logistic regression comes into play.

Logit function to Sigmoid Function — Logistic Regression:

where p(x)/(1-p(x)) is termed odds, and the left-hand side is called the logit or
log-odds function. The odds are the ratio of the chances of success to the
chances of failure. As a result, in Logistic Regression, a linear combination of
inputs is translated to log(odds), with an output of 1. The following is the inverse
of the aforementioned function This is the Sigmoid function, which produces an
S-shaped curve. It always returns a probability value between 0 and 1. The
Sigmoid function is used to convert expected values to probabilities. The function
converts any real number into a number between 0 and 1. We utilize sigmoid to
translate predictions to probabilities in machine learning. The mathematically

sigmoid function can be,

3.2 Types of Logistic Regression:

In general, it can be classified into,

1. Binary Logistic Regression — two or binary outcomes like yes or no

2. Multinomial Logistic Regression — three or more outcomes like first, second,
and third class or no class

degree

3. Ordinal Logistic Regression — three or more like multinomial logistic regression

but here with the order like customer rating in the supermarket from 1 to 5

Requirements for Logistic Regression to work well

This model can work for all the datasets, but still, if you need good performance,
then there will be some assumptions to consider,

1. The dependant variable in binary logistic regression must be binary.

2. Only the variables that are relevant should be included.
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3. The independent variables must be unrelated to one another. That is, there
should be minimal or no multicollinearity in the model.

4. The log chances are proportional to the independent variables.5. Large
sample sizes are required for logistic regression.

A threshold can be established to forecast which class a data belongs to. The
derived estimated probability is categorized into classes based on this threshold.
If the predicted value is less than 0.5, categorize the particular student as a pass;
otherwise, label it as a fail. There are two types of decision boundaries: linear
and non-linear. To provide a complicated decision boundary, the polynomial order

can be raised.

Why can’t the cost function that was used for linearity be used for
logistics?

The cost function for linear regression is mean squared error. If this is utilized for
logistic regression, the function of parameters will be non-convex. Only if the

function is convex will gradient descent lead to a global minimum.

Cost function — Linear Regression Vs Logistic Regression

Linear regression employs the Least Squared Error as the loss function, which
results in a convex network, which we can then optimize by identifying the vertex
as the global minimum. For logistic regression, however, it is no longer a
possibility. Because the hypothesis has been modified, calculating Least Squared
Error using the sigmoid function on raw model output will result in a non-convex
graph with local minimums. What is cost function? Cost functions are used in
machine learning to estimate how poorly models perform. Simply put, a cost
function is a measure of how inaccurate the model is in estimating the connection
between X and y. This is usually stated as a difference or separation between the
expected and actual values. A machine learning model's goal is to discover
parameters, weights, or a structure that minimizes the cost function. A convex
function indicates there will be no intersection between any two points on the

curve, but a non- convex function will have at least one intersection. In terms of
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cost functions, a convex type always guarantees a global minimum, whereas a

non-convex type only guarantees local minima.

How to reduce cost function? — Gradient Descent
The challenge now is: how can we lower the cost value? Gradient Descent can
be used to accomplish this. Gradient descent’s main objective is to reduce the

cost value.

Regularization

Let’s also discuss Regularization quickly for reducing the cost function to match
the parameters to training data. L1 (Lasso) and L2 (Lasso) are the two most
frequent regularization types (Ridge). Instead of simply maximizing the
aforementioned cost function, regularization imposes a limit on the size of the
coefficients in order to avoid overfitting. L1 and L2 use distinct approaches to
defining upper limits for coefficients, allowing L1 to conduct feature selection by
setting coefficients to 0 for less relevant characteristics and reducing
multi-collinearity, whereas L2 penalizes extremely large coefficients but does not
set any to 0. There’s also a parameter that regulates the constraint’s weight, A, to
ensure that coefficients aren’t penalized too harshly, resulting in underfitting.

It's a fascinating topic to investigate why L1 and L2 have different capacities
owing to the ‘squared’ and ‘absolute’ values, and how A affects the weight of
regularized and original fit terms. We won’t go into everything here, but it's well
worth your time and effort to learn about. The steps below demonstrate how to

convert an original cost function to a regularized cost function.

How Logistic Regression links with Neural Network?

We all know that Neural Networks are the foundation for Deep Learning. The
best part is that Logistic Regression is intimately linked to Neural networks. Each
neuron in the network may be thought of as a Logistic Regression; it contains

input, weights, and bias, and you conduct a dot product on all of that before
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applying any non-linear function. Furthermore, a neural network’s last layer is a
basic linear model (most of the time). That can be understood by visualization as

shown below,

Take a deeper look at the “output layer,” and you’ll notice that it's a basic linear
(or logistic) regression: we have the input (hidden layer 2), the weights, a dot
product, and finally a non-linear function, depends on the task. A helpful
approach to thinking about neural networks is to divide them into two parts:
representation and classification/regression. The first section (on the left) aims to
develop a decent data representation that will aid the second section (on the

right) is doing a linear classification/regression.

Hyperparameter Fine-tuning — Logistic Regression
There are no essential hyperparameters to adjust in logistic regression. Even
though it has many parameters, the following three parameters might be helpful

in fine-tuning for some better results,

Regularization (penalty) might be beneficial at times. Penalty — {*I1’, ‘12’

£

‘elasticnet’, ‘none’}, default="I12’ The penalty strength is controlled by the

C parameter, which might be useful. C - float, default=1.0

With different solvers, you might sometimes observe useful variations in
performance or convergence.

£

Solver — {*newton-cg’, ‘Ibfgs’, ‘liblinear’, ‘sag’, ‘saga’}, default="Ibfgs’Note:
The algorithm to use is determined by the penalty: Solver-supported penalties:

1. ‘newton-cg’ — [12’, ‘none’]

2. ‘Ibfgs’ —[12’, ‘none’]

3. ‘liblinear’ — [11°, ‘12’]

4. ‘sag’ —['12’, ‘none’]

5. ‘'saga’ — [‘elasticnet’, ‘11’, ‘12, ‘none’]
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3.3 Advantages of Logistic Regression

1. Overfitting is less likely with logistic regression, although it can happen in
high-dimensional datasets. In these circumstances, regularization (L1 and L2)
techniques may be used to minimize over-fitting.

2. It works well when the dataset is linearly separable and has good accuracy for
many basic data sets.

3. It is more straightforward to apply, understand, and train.

4. The inferences regarding the relevance of each characteristic are based on
the anticipated parameters (trained weights). The association’s orientation,
positive or negative, is also specified. As a result, logistic regression may be
used to determine the connection between the characteristics.

5. Unlike decision trees or support vector machines, this technique allows models
to be readily changed to incorporate new data. Stochastic gradient descent can
be used to update the data.

6. It is less prone to over-fitting in a low-dimensional dataset with enough training
instances.

7. When the dataset includes linearly separable characteristics, Logistic
Regression shows to be highly

efficient.

8. It has a strong resemblance to neural networks. A neural network
representation may be thought of as a collection of small logistic regression
classifiers stacked together.

9. The training time of the logistic regression method is considerably smaller than
that of most sophisticated algorithms, such as an Atrtificial Neural

Network, due to its simple probabilistic interpretation.

10. Multinomial Logistic Regression is the name given to an approach that may

easily be expanded to multi-class classification using a softmax classifier.

3.4 Disadvantages of Logistic Regression
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1. Logistic Regression should not be used if the number of observations is
fewer than the number of features; otherwise, it may result in overfitting.

2. 2. Because it creates linear boundaries, we won’t obtain better results
when dealing with complex or non- linear data.

3. I's only good for predicting discrete functions. As a result, the Logistic
Regression dependent variable is restricted to the discrete number set.

4. The average or no multicollinearity between independent variables is required
for logistic regression.

5. Logistic regression needs a big dataset and enough training samples to
identify all of the categories.

6. Because this method is sensitive to outliers, the presence of data values in the
dataset that differs from the anticipated range may cause erroneous results.

7. Only significant and relevant features should be utilized to construct a model;
otherwise, the model’s probabilistic predictions may be inaccurate, and its
predictive value may suffer.

8. Complex connections are difficult to represent with logistic regression. This
technique is readily outperformed by more powerful and sophisticated algorithms
such as Neural Networks.

9. Because logistic regression has a linear decision surface, it cannot address
nonlinear issues. In real- world settings, linearly separable data is uncommon. As
a result, non-linear features must be transformed, which may be done by
increasing the number of features such that the data can be separated linearly in
higher dimensions.

10. Based on independent variables, a statistical analysis model seeks to predict
accurate probability outcomes. On high-dimensional datasets, this may cause the
model to be over-fit on the training set, overstating the accuracy of predictions on
the training set, and so preventing the model from accurately predicting
outcomes on the test set. This is most common when the model is trained on a
little amount of training data with many features. Regularization strategies should

be explored on high-dimensional datasets to minimize over-fitting (but this makes
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the model complex). The model may be under-fit on the training data if the

regularization parameters are too high.

3.5 Application of Logistic Regression

All use cases where data must be categorized into multiple groups are covered

by Logistic Regression.

Consider the following illustration:

1. Fraud detection in Credit card

2. Email spam or ham

3. Sentiment Analysis in Twitter analysis

4. Image segmentation, recognition, and classification — X-rays, Scans

5. Object detection through video 2 . Handwriting recognition

7. Disease prediction — Diabetes, Cancer, Parkinson etc...

3.6 BEAUTIFUL SOUP:

Beautiful Soup is a Python library that is used for web scraping purposes to
pull the data out of HTML and XML files. It creates a parse tree from page
source code that can be used to extract data in a hierarchical and more
readable manner.

It is a complete framework for web-scraping or crawling. Beautiful Soup is a
parsing library which also does a pretty good job of fetching contents from
URL and allows you to parse certain parts of them without any hassle. It only
fetches the contents of the URL that you give and then stops.

Web scraping or Web data extraction isa method to collect data from
websites. ... Most of this data is unstructured data in an HTML format which
is then converted into structured data in a spreadsheet or a database so that

it can be used in various applications.
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e Comparing selenium vs Beautiful Soup allows you to see that Beautiful Soup
is more user-friendly and allows you to learn faster and begin web scraping
smaller tasks easier. Selenium on the other hand is important when the target

website has a lot of java elements in its code.

3.7 TKINTER:

e Tkinter isa library written in Python that is widely used to create GUI
applications. It is very easy to build GUI using Tkinter and the process is
even faster. Tkinter has several widgets that can be used while developing
GUI. These include buttons, radio buttons, checkboxes, etc

e ML requires continuous data processing, and Python's libraries let you
access, handle and transform data. These are some of the most widespread
libraries you can use for ML and Al: Scikit-learn for handling basic ML
algorithms like clustering, linear and logistic regressions, regression,
classification, and others.

e tkinter offers access to geometric configuration of the widgets which organize
the widgets in parent windows in python for data science. Mainly three
geometry manager classes class are there.

e Tkinter is the standard GUI library for Python. Python when combined with
Tkinter provides a fast and easy way to create GUI applications. Tkinter
provides a powerful object-oriented interface to the Tk GUI toolkit. ... Add one
or more of the above-mentioned widgets to the GUI application.

e If your goal is to learn how to create GUIs, tkinter is arguably one of the best
toolkits there is to reach that goal. It's simple and easy to learn, and can
provide a fantastic introduction to concepts you must master in order to

create graphical desktop applications.
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CHAPTER 4

MACHINE LEARNING
What are the 7 steps of machine learning?
7 STEPS OF MACHINE LEARNING

Step 1: Gathering Data. ...
Step 2: Preparing that Data. ...
Step 3: Choosing a Model. ...
Step 4: Training. ...
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e Step 5: Evaluation. ...
e Step 6: Hyper parameter Tuning. ...
e Step 7: Prediction.

4.1 INTRODUCTION:

In this blog, we will discuss the workflow of a Machine learning project this
includes all the steps required to build the proper machine learning project from

scratch.

We will also go over data pre-processing, data cleaning, feature exploration and
feature engineering and show the impact that it has on Machine Learning Model
Performance. We will also cover a couple of the pre-modelling steps that can

help to improve the model performance.

Python Libraries that would be need to achieve the task:
1.Numpy

2.Pandas

3.Sci-kitLearn

4. Matplotlib

UNDERSTANDING THE MACHINE LEARNING WORKFLOW

We can define the machine learning workflow in 3 stages.

1. Gathering data
2. Data pre-processing
3. Researching the model that will be best for the type of data

4. Training and testing the model
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5. Evaluation

Okay but first let’s start from the basics

What is the machine learning Model?

The machine learning model is nothing but a piece of code; an engineer or data
scientist makes it smart through training with data. So, if you give garbage to the
model, you will get garbage in return, i.e. the trained model will provide false or

wrong prediction
4.2 Gathering Data

The process of gathering data depends on the type of project we desire to make,
if we want to make an ML project that uses real-time data, then we can build an
loT system that using different sensors data. The data set can be collected from
various sources such as a file, database, sensor and many other such sources
but the collected data cannot be used directly for performing the analysis process
as there might be a lot of missing data, extremely large values, unorganized text

data or noisy data. Therefore, to solve this problem Data Preparation is done.

We can also use some free data sets which are present on the
internet. Kaggle and UCI Machine learning Repository are the repositories that
are used the most for making Machine learning models. Kaggle is one of the
most visited websites that is used for practicing machine learning algorithms,
they also host competitions in which people can participate and get to test their

knowledge of machine learning.

4.3 Data pre-processing

Data pre-processing is one of the most important steps in machine learning. It is
the most important step that helps in building machine learning models more

accurately. In machine learning, there is an 80/20 rule. Every data scientist
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should spend 80% time for data per-processing and 20% time to actually perform

the analysis.

4.3.1 What is data pre-processing?

Data pre-processing is a process of cleaning the raw data i.e. the data is
collected in the real world and is converted to a clean data set. In other words,
whenever the data is gathered from different sources it is collected in a raw
format and this data isn’t feasible for the analysis.

Therefore, certain steps are executed to convert the data into a small clean data

set, this part of the process is called as data pre-processing.
Why do we need it?

As we know that data pre-processing is a process of cleaning the raw data into
clean data, so that can be used to train the model. So, we definitely need data
pre-processing to achieve good results from the applied model in machine
learning and deep learning projects.Most of the real-world data is messy, some of

these types of data are:

1. Missing data: Missing data can be found when it is not continuously created

or due to technical issues in the application (I0OT system).

2. Noisy data: This type of data is also called outliners, this can occur due to
human errors (human manually gathering the data) or some technical problem of

the device at the time of collection of data.

3. Inconsistent data: This type of data might be collected due to human errors

(mistakes with the name or values) or duplication of data.
Three Types of Data

1. Numeric e.g. income, age
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2. Categorical e.g. gender, nationality

3. Ordinal e.g. low/medium/high

4.3.2 How can data pre-processing be performed?

These are some of the basic pre — processing techniques that can be used to

convert raw data.

1. Conversion of data: As we know that Machine Learning models can only
handle numeric features, hence categorical and ordinal data must be somehow

converted into numeric features.

2. Ignoring the missing values: Whenever we encounter missing data in the
data set then we can remove the row or column of data depending on our need.
This method is known to be efficient but it shouldn’t be performed if there are a

lot of missing values in the dataset.

3. Filling the missing values: Whenever we encounter missing data in the data
set then we can fill the missing data manually, most commonly the mean, median

or highest frequency value is used.

4. Machine learning: If we have some missing data then we can predict what

data shall be present at the empty position by using the existing data.
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5. Outliers detection: There are some error data that might be present in our
data set that deviates drastically from other observations in a data set. [Example:

human weight = 800 Kg; due to mistyping of extra 0]

4.3.3 Researching the model that will be best for the type of data

Our main goal is to train the best performing model possible, using the

pre-processed data.

Supervised Learning Unsupervised Learning

X O
X X O O
X O

020 0°0

4.3.3.1--Fig

SUPERVISED LEARNING:
In Supervised learning, an Al system is presented with data which is labelled,

which means that each data tagged with the correct label.

The supervised learning is categorized into 2 other categories which are

“Classification” and “Regression”.
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4.4 CLASSIFICATION:

Classification problem is when the target variable is categorical (i.e. the output
could be classified into classes — it belongs to either Class A or B or something

else).

A classification problem is when the output variable is a category, such as “red”

or “blue” , “disease” or “no disease” or “spam” or “not spam”.

4.4.1-- Fig

As shown in the above representation, we have 2 classes which are plotted on
the graph i.e. red and blue which can be represented as ‘setosa flower’ and
‘versicolor flower’, we can image the X-axis as there ‘Sepal Width’ and the Y-axis
as the ‘Sepal Length’, so we try to create the best fit line that separates both

classes of flowers.
These some most used classification algorithms.

o K-Nearest Neighbor

e Naive Bayes
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e Decision Trees/Random Forest
e Support Vector Machine

e Logistic Regression

4.5 REGRESSION:

While a Regression problem is when the target variable is continuous (i.e. the

output is numeric).

4.5.1---Fig

As shown in the above representation, we can imagine that the graph’s X-axis is
the ‘Test scores’ and the Y-axis represents ‘1Q’. So we try to create the best fit
line in the given graph so that we can use that line to predict any approximate I1Q

that isn’t present in the given data.
These some most used regression algorithms.

e Linear Regression

e Support Vector Regression
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e Decision Tress/Random Forest
e Gaussian Progresses Regression

e Ensemble Methods

4.6 UNSUPERVISED LEARNING:

The unsupervised learning is categorized into 2 other categories which are

“Clustering” and “Association”.

4.6.1 CLUSTERING:

A set of inputs is to be divided into groups. Unlike in classification, the groups are

not known beforehand, making this typically an unsupervised task.

Original unclustered data Clustered data

4.6.1.1--Fig

Methods used for clustering are:
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e Gaussian mixtures

e K-Means Clustering

e Boosting

e Hierarchical Clustering
e K-Means Clustering

e Spectral Clustering

Overview of models under categories:

[ MACHINE LEARNING }

< "\,

SUPERWVISED UNSUPERWVISED
LEARMNING LEARMNIMG

< "\, 1

[CLASSIFICATIOH] [ REGRESSIOMN ] [ CLUSTERING

Support Vector
M

K-feans, K-tedoids
achines Fuzzy

‘CoMeans

SWR, SPR

[~ )
( )
[ Ensemble rMathods ]
( J
C |

Hisrarchical

SGauvssian MMixiure

—_— Hiddan rarkow
Decision Trees ruocel

— AT AT AT

rMeural MHNetwaorks Maural Metworks

4.6.1.2---Fig

Training and testing the model on data:

For training a model we initially split the model into 3 three sections which are
‘Training data’ ,'Validation data’ and ‘Testing data’.You train the classifier using
‘training data set’, tune the parameters using ‘validation set’ and then test the
performance of your classifier on unseen ‘test data set’. An important point to

note is that during training the classifier only the training and/or validation set is
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available. The test data set must not be used during training the classifier. The

test set will only be available during testing the classifier.

. Training Set * Test Set——»

. 10-fold Cross Validation .
- stlih ._sw:in mn stm = ‘;3—.

4.6.1.3---Fig
Training set:
The training set is the material through which the computer learns how to

process information. Machine learning uses algorithms to perform the training

part. A set of data used for learning, that is to fit the parameters of the classifier.

Validation set:

Cross-validation is primarily used in applied machine learning to estimate the skill
of a machine learning model on unseen data. A set of unseen data is used from

the training data to tune the parameters of a classifier.
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4.6.1.4---Fig

Once the data is divided into the 3 given segments we can start the training

process.

In a data set, a training set is implemented to build up a model, while a test (or
validation) set is to validate the model built. Data points in the training set are
excluded from the test (validation) set. Usually, a data set is divided into a
training set, a validation set (some people use ‘test set’ instead) in each iteration,

or divided into a training set, a validation set and a test set in each iteration.

The model uses any one of the models that we had chosen in step 3/ point 3.
Once the model is trained we can use the same trained model to predict using
the testing data i.e. the unseen data. Once this is done we can develop a
confusion matrix, this tells us how well our model is trained. A confusion matrix
has 4 parameters, which are ‘True positives’, ‘True Negatives’, ‘False
Positives’ and ‘False Negative’. We prefer that we get more values in the True
negatives and true positives to get a more accurate model. The size of the

Confusion matrix completely depends upon the number of classes.
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Predicted: Predicted:
n=165 NO YES
Actual:
NO 50 10
Actual:
YES 5 100
4.6.1.5--Fig

True positives : These are cases in which we predicted TRUE and our

predicted output is correct.
True negatives : We predicted FALSE and our predicted output is correct.
False positives : We predicted TRUE, but the actual predicted output is FALSE.

False negatives : We predicted FALSE, but the actual predicted output is
TRUE.

We can also find out the accuracy of the model using the confusion matrix.
Accuracy = (True Positives +True Negatives) / (Total number of classes)
i.e. for the above example:

Accuracy = (100 + 50) / 165 = 0.9090 (90.9% accuracy)
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Evaluation:

Model Evaluation is an integral part of the model development process. It helps
to find the best model that represents our data and how well the chosen model

will work in the future.

To improve the model we might tune the hyper-parameters of the model and try
to improve the accuracy and also looking at the confusion matrix to try to

increase the number of true positives and true negatives.

Conclusion
In this blog, we have discussed the workflow a Machine learning project and

gives us a basic idea of how a should the problem be tackled.
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CHAPTER 5
5.1 SYSTEM DESIGN:

Modules:

e Data Collection

e Data Cleaning

e Pre-processing

e Exploratory Data Analysis(EDA)
e Auditioning Models

5.1.1 Data collection:

Collecting data allows you to capture a record of past events so that we can use data
analysis to find recurring patterns. From those patterns, you build
predictive models using machine learning algorithms that look for trends and predict
future changes.Predictive models are only as good as the data from which they are
built, so good data collection practices are crucial to developing high-performing
models.The data need to be error-free (garbage in, garbage out) and contain relevant
information for the task at hand. For example, a loan default model would not benefit
from tiger population sizes but could benefit from gas prices over time.

In this module, we collect the data from kaggle dataset archives. This dataset contains

the information of divorce in previous years.

5.1.2Data-Cleaning:

Data cleaningis a critically important step in any machine learning project.In this
module data cleaning is done to prepare the data for analysis by removing or modifying
the data that may be incorrect, incomplete, duplicated or improperly formatted.In tabular
data, there are many different statistical analysis and data visualization techniques you
can use to explore your data in order to identify data cleaning operations you may want

to perform.
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5.1.3 Pre-processing:
We will build a pre-processing function that helped change the text to lowercase,

remove punctuation's, lemmatise related words down to a common base word.

5.1.4 Exploratory Data Analysis(EDA):
Using a Count Vectorizer, we analysed the most-used words from each subreddit to

understand our data better (The words used were similar with some subtle differences).
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CHAPTER 6

CONCLUSIONS:

Cyberbullying has become a severe problem in modern societies. This paper
proposed a cyber-bully detection model whereby several classifiers based on
TF-IDF and Word2Vec feature extraction have been used. Furthermore, various
methods of text classification based on machine learning were investigated.

The experiments were conducted on a global Twitter dataset. The experimental
results indicate that LR achieved the best accuracy and F1 score in our dataset,
where the classification accuracy and F1 score are 90.57% and 0.9280,
respectively.

Meanwhile, there is a slight difference between LR, SGD, and LGBM classifier
performance, where SGD achieved an accuracy of 90.6%, but the F1 score was
lower than LR. However, the LGBM classifier achieved an accuracy of 90.55%, and
the F1 score was 0.9271. This means that LR performs better than other classifiers.
Moreover, during the experiments, it was observed that LR performs better as data
size increases and obtains the best prediction time compared to other classifiers
used in this study.

Therefore, SGD performs almost as LR, but the error is not minimal as in LR. The
feature extraction is a critical aspect in machine learning to enhance the detection
accuracy. In this paper, we did not investigate many feature extraction techniques.
Thus, one of the improvements is to incorporate and test different feature
extractions to improve the detection rate of both classifiers LR and SGD. Another
limitation that we are working on is building a real-time cyberbully detection

platform, which will be useful to instantly detect and prevent the cyberbully. Another
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research direction is working on cyberbully detection in various languages, mainly in

an Arabic context.
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