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Configuration Manual

Anchal Ora
x18135846

1 Introduction

The configuration manual demonstrates the implementation stages of the research “Spam
Detection in Short Message Service Using Natural Language Processing and
Machine Learning Techniques”. The motive of the research is to develop a model
that detects spam SMS efficiently and in minimal time. To build the model, the combin-
ation of techniques like Natural Language Processing for feature extraction like Bag of
Words, TF-IDF along with machine learning algorithms such as XGBoost, Light GBM,
Bernoulli Naive Bayes, Support Vector Machine, and Random Forest were implemented.
This manual explains the hardware and the software project specifications to implement
the project in Chapter 2. Chapter 3 explains the Data Preparation followed by Chapter
4 which describes the implementation steps in detail and the output generated.

2 System Specification

The project hardware and software requirements are the key points to be considered
before implementing any project. For the project, the requirements are mentioned as
follows:

2.0.1 Hardware Configuration

Implementation of the project is carried out on the laptop having the hardware config-
uration as depicted in Figure 1 :

Windows edition

Windows 10 Pro

ml \\/;
© 2018 Microsoft Corporation. All rights reserved. .. WI n d OWS 1 0

System
Processor: Intel(R) Core(TM) 15-8250U CPU @ 1.60GHz 1.80 GHz
Installed memory (RAM);  8.00 GB (7.87 GB usable)
System type: 64-bit Operating System, x64-based processor

Pen and Touch: Mo Pen or Touch Input is available for this Display

Figure 1: Hardware Configuration



2.0.2 Software Configuration

1. Google Colab: The implementation of the project was done in Python using Google
Colab Notebook (similar to Jupyter Notebook) which is hosted on the cloud and can be
accessed from the browser H For the project, no external installation or downloads were
required as all the libraries are pre-installed in the notebook. To code in Google Colab,
the following steps were undertaken:

a. Open the Link:
https://colab.research.google.com/notebooks/welcome.ipynb#recent=true

b. The below window appears (refer Figure 2), click on “New Python 3 Notebook”:

Examples Recent Google Drive GitHub Uplead
Filter notebooks -
Title First opened Last opened i_=
=L e T SWIIGIES GYY & IS gy =
& UntitledZ.ipynb 14 minutes ago 14 minutes ago B =@
! L Untitled0.ipynb 17 minutes ago 17 minutes ago B 7
C0D Overview of Colaboratory Features 1 hour ago 40 minutes ago E
) Snippets: Importing libraries 40 minutes ago 40 minutes ago B
NEW PYTHON 3 NOTEBOOK  ~ CANCEL

Figure 2: Colab Notebook

c. This opens the code editor where the code can be written and can be saved directly
Google Drive.

2. Microsoft Power BI: Power Bl tool is used for visualization of results.

3 Data Preparation

3.1 Data Loading

The data was fetched from the Kaggle website which was already present in .csv format
and was downloaded from the below link:

thttps://colab.research.google.com /notebooks/welcome.ipynb#scroll To=ipS1ETT7sF9w


https://colab.research.google.com/notebooks/welcome.ipynb#recent=true

https://www.kaggle.com/uciml/sms-spam-collection-dataset

The dataset was first uploaded in Colab from the local machine using the code shown in
the Figure 3 and then the initial level of data was prepared so that exploratory analysis
of the data can be carried out.

# Upload Spam SMS File downloaded from Kaggle

° from google.colab import files
sms_dataset = files.upload()

C |I Choose Files | Spam.csv

» spam.csv(application/vnd.ms-excel) - 503663 bytes, last modified: 10/8/2019 - 100% done
Saving spam.csv to spam.csv

Figure 3: Uploading SMS Data in Colab

After the data was uploaded, the required libraries for exploratory analysis and pre-
processing were then imported (refer Figure 4).

# Importing Libraries

o import pandas as pd
import numpy as np
import nltk
from wordcloud import WordCloud
import matplotlib.pyplot as plt
import seaborn as sns
from nltk.stem import WordNetLemmatizer
from sklearn.preprocessing import LabelEncoder
nltk.download( "punkt’)
nltk.download( ' stopwords')
from nltk.corpus import stopwords
nltk.download( "wordnet")

Figure 4: Importing Libraries

The data in the form of csv was then loaded in Pandas Data Frame using the read_csv
function. The unnecessary columns were then removed and the column labels were made
appropriate. The following code (Figure 5) is implemented :


https://www.kaggle.com/uciml/sms-spam-collection-dataset

# Importing the Csv file

° sms_dataset = pd.read_csv("spam.csv",delimiter=",",encoding="latin-1")

# Printing the top 5 rows

° sms_dataset.head()

(g vl v2 Unnamed: 2 Unnamed: 3 Unnamed: 4
0 ham Go until jurong point, crazy.. Available only ... NaN NaN NaN
1 ham Ok lar... Joking wif u oni... NaN NaN NaN
2 spam Free entry in 2 a wkly comp to win FA Cup fina... NaN NaN NaN
3 ham  Udun say so early hor... U ¢ already then say... NaN NaN NaN
4 ham Nah | don't think he goes to usf, he lives aro... NaN NaN NaN

# Removing the unncessary columns

° sms_dataset=sms_dataset.drop([ 'Unnamed: 2', ‘Unnamed: 3°, 'Unnamed: 4'],axis="columns’,inplace=False)

#Changing the column name
sms_dataset.columns=["SMStype’, "Text"]

#Print the data
sms_dataset.head()

c sMstype Text
0 ham Go until jurong point, crazy.. Available only ...
1 ham Ok lar... Joking wif u oni...
2 spam Free entry in 2 a wkly comp to win FA Cup fina...
3 ham  Udun say so early hor... U ¢ already then say...
B ham Nah | don't think he goes to usf, he lives aro...

Figure 5: Data Preparation

3.2 Exploratory Data Analysis

In the exploratory Data Analysis, missing values were checked. The text data distribution
was observed to follow Zipf’s distribution. The class imbalance was found and resolved
using the down-sampling technique. The word cloud for ham and spam was generated,
which shows the top words of each category. Then, the correlation between the length
and SMS type was calculated which can indicate if the length was a good feature to
consider or not.

a. Missing Values Analysis : As can be seen in the dataset there were no missing
values present (in Figure 6).



# Checking the missing values

° print(sms_dataset.isnull().sum())

> SMStype %)
Text 0
dtype: int64

Figure 6: Data Preparation

b. Analyzing Text Data Distribution : The text data distribution was analyzed
using a Numpy histogram and it can be seen as the data follows Zipf’s distribution which
is very commonly seen for the text dataEl (Figure 8). The graph was plotted between the
Frequency and Rank of the words.

# Checking the Distribution of Text Data

° from itertools import islice
from scipy import special
import re

#Retrieve SMS spam dataset
freq = {}
smsfile = open(“spam.csv”, 'r',encoding = “IS0O-8859-1")
smsfile = smsfile.read()
terms = re.findall(r'(\b[A-Za-z][a-2]{2,9}\b)", smsfile)
#build dict of words based on frequency
for term in terms:
count = freq.get(term,8)
freq[term] = count + 1

#limit words to 1600
number = 1000
freq = {key:value for key,value in islice(freq.items(), @, number)}

f = np.fromiter(freq.values(), dtype=float)

#Calculate zipf and plot the data

a=2. # distribution parameter

count, bins, ignored = plt.hist(f[f<5@], 50, density=True)
X = np.arange(l., 50.)

y = x**(-a) / special.zetac(a)

plt.plot(x, y/max(y), linewidth=2, color="r")
plt.xlabel("Rank")

plt.ylabel("Frequency")

plt.show()

Figure 7: Code for analyzing the text Data Distribution

Zhttps:/ /towardsdatascience.com/another-twitter-sentiment-analysis-with-python-part-3-zipfs-law-
data-visualisation-fc9eadda7le?
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Figure 8: Zipf’s Distribution of Text Data

c. Examining the count of Spam and Ham Messages : The count of Ham and
Spam messages were examined and it was found that there was a huge class imbalance
shown in Figure 9.

# Checking the count of ham and spam messages

[ 1 smstype count = sms_dataset.sMStype.value counts()
print{ Ham: ", smstype_count[@])
print{'Spam: ', smstype_count[1])
bar=smstype_count.plot(kind="bar", title="Humber of SMS based on Type', x= "Message Type', y ="Nusber of SMS',color= "866CDAA');
bar.set_xlabel("Message Type")
bar.set_ylabel( Count of sMs')

[+ Ham: 4825
Spam: 747
Text(d, 2.5, "Coent of SMS")
Number of SM5 based on Type

000

PR

g

a

ham
pam

Figure 9: Before Data Sampling

To handle this problem, the down-sampling technique was applied. It was implemen-
ted using sample function from the Random module of python and the ham class was
brought to the same level of the spam class(Figure 10).



# Downsampling Majority class (ham) to Minority class (spam)

° # Class count
ham, spam = sms_dataset.sMstype.value_counts()

# Divide by class
class_ham = sms_dataset[sms_dataset[ SMStype'] == "ham’]
class_spam = sms_dataset[sms_dataset[ 'SMStype'] == "spam’]

class_ham_under= class_ham.sample(spam, random state=5)
sms_dataset = pd.concat([class_ham_under, class_spam], axis=8)
sms_dataset.to_csv('spam_afterSampling.csv')

files.download( ' spam_afterSampling.csv')

print("Count after Random down-sampling:")
print(sms_dataset.SMStype.value_counts())

bar=sms_dataset.SMStype.value_counts().plot(kind="bar", title='Number of SMS based on Type',color= "#66CDAA");
bar.set_xlabel("Message Type™)
bar.set_ylabel( Count of SMS")

[+ Count after Random down-sampling:
spam 747
ham 747
Name: SMStype, dtype: intéd
Text(@, 8.5, ‘Count of SMS")

Number of SMS based on Type

Count of SMS

B g&s8d

=
k=1
t=3

Message Type

Figure 10: After Data Sampling

d. Analyzing the most frequent word in Ham and Spam by WordCloud :
Generating the Word Cloud for Spam and Ham (shown in Figure 11) using WordCloud
module which shows the most occurring words of the document. The argument passed
for generating WordCloud for spam was spam Text and similarly for ham.



# Generating Word Cloud for Spam Words

° spamwords = ° '.joln(list(sms_dataset[sms_dataset[ 'SMStype'] == “spam’]['Text']))
spam_wc = WordCloud(background_color="white’ ,random_state=1,min_font_size=13,width = 512,height = 512).generate(spamwords)
plt.figure(figsize = (4,4), facecolor = "white',edgecolor="blus")
plt. imshow(spam_uwc)
plt.axis( "off")
plt.tight_layout(pad = @)
plt. show()

C and 1w * oo o l
mobile..reply
tarys 1B il e Tan pavarve
1)
cic B B
. I FPlease ca - ?
[ &
GIAAMTTTE .’-IICO : uk o
prw 90
- X i
x range i a
s =
l il L I P
- -IC a Sl hEr mQ- 3 zrend PO BoK
“# Generating Word Cloud for ham words®
[33] hamwords = * '.join(list{sms_dataset[sms_dataset['SMStype’] == 'ham']["Text']))
ham_we = WordCloud(background_color="white",random_states=1,min_font_size=13,width = 512,height = 512).generate(hamwords)
plt.figure(figsize = (4,4), facecolor = "white’,edgecolor="blus"')
plt. imshow(ham_we )
plt.axis( off’)
plt.tight_layoutipad = @)
plt.show()
C

Figure 11: Word Cloud for Spam and Ham

e. Encoding SMS Type, Adding Length feature and Finding the Correl-
ation between Length and SMS Type: The categorical variable that is the SMS
type was encoded using LabelEncoder() function which assigns the value between 0 to
one less than the number of categories. As suggested by the researcher (Agarwal et al.|
(2016))) that the length parameter can enhance the performance, hence the length has
been calculated which takes the number of characters into account excluding space.

Then the correlation was calculated using corr() function and correlation was visual-
ized using heatmap from seaborn package between the length feature and the SMS Type
as shown in Figure 12.




# Label Encoding of Dependent Variable and adding length variable

o labelencoder = LabelEncoder()
sms_dataset["SMStype’ |=labelencoder.fit_transform{sms_dataset[ 'SMStype’
sms_dataset[ Tes '] = sms_dataset['Text'].apply(lambda x : len{x)-x.count(’
sms_dataset[ Text_Length'].describe()
sms_dataset.head()

3

C SMStype Text Text_Length
5226 0 Prabha..im soryda..realy..frm heart i'm sory 41
3920 Q Do 1 thing! Change that sentence into: \Becaus a5
2945 0 make that 3! 4 fucks sake? x 23
1048 0 walked an hour 2 ¢ u! doesnalt that show | ¢ 61

2699 0 Oh baby of the house. How come you dont have a 59

# Calculating the correlation between Length feature and SMS type

° correlation= sms_dataset.corr()
print({correlation)

sns.heatmap(correlation,
xticklabels=correlation.columns.values,
yticklabe15=correlation.columnsvualuesﬂ

C» SMStype Text_Length
SMStype 1.000800 @.681167
Text Length @.681167 1.080808

¢<matplotlib.axes. subplots.AxesSubplot at @x7f6bb6ea75716>

-0.96

| -0.88
0.80

0.72

0.64

SMStype Text_Length

SMStype

Text Length

Figure 12: Correlation Matrix between Length and SMS Type

3.3 Data Pre-processing

The pre-processing steps include the removal of non-English characters using a regular
expression. The words were then converted to token using word_tokenize from NLTK and



then stopwords were removed using the stopwords package. Lastly, lemmatization was
applied using the WordNetLemmatizer package from NLTK and the data was normalized
using the lower() function. The processed data was exported and verified. The output of
the cleaned data is shown in Figure 13.

# Data Pre-processing

° # Removing special characters and numbers
sms_dataset] 'Text'] - sms_dataset[ Text').astype( str’)
sms_dataset| 'Text'] - sms_dataset[ Text"].str.replace(r'[~wis]+', " ")
sms_dataset| 'Text'] = sms_dataset['Text'].str.replace(''d+', " ")

# Tokenize the words

sms_dataset] 'Text'] = sms_dataset.apply(lambda row: nltk.word_tokenize(row[ 'Text ]}, axis=1)
# Remove stop words

stopWords = stopwords.words( english’)
sms_dataset[ 'Text']= list(map(lambda line: list(filter(lambda word: word not in stopWords, line)), sms_dataset[ Text']))

# Lemmatization and lowering thecase

filtered_data = []

for item in sms_dataset["Text"]:
words = [WordNetLemmatizer().lemmatize(word).lower() for word in item]
filtered_data.append(words)

sms_dataset[ 'Text'] = filtered_data

sms_dataset.to_csv(’
files.download( 'Data

sms_dataset.head()

C SHStype Text Text_Length
5226 0 [prabha, soryda, realy, frm, heart, sory] 41
3920 0 [thing. change, sentence, want, concentrate, e 96
2945 4] [miake, fuck, sake, x] 23
1048 0 [walked, hour, ¢, u, doesnddt, show, care, won 51
2699 0 [oh, baby, house, come, dont, new, picture, fa 59

Figure 13: Pre-processing of Dataset

4 Implementation, Evaluation and Results

The implementation explains the Feature Extraction, Feature Selection, and application
of Machine Learning models. There was a total of 6 combinations of feature matrix where
5 models have been applied. The features were extracted as Unigram, Bigram, and TF-
IDF. The evaluation is done with and without length feature. Features were selected
using Chi-Square. The kbest feature was selected, where k = 300 for all the matrix as
it gave optimal results. After feature selection, machine learning models like XGBoost,
Light GBM, Bernoulli Naive Bayes, SVM and Random Forest have been implemented
and the models were evaluated on the accuracy, precision, recall, F1-Score and Execution

Time. The suitable libraries were imported for implementation as shown in the Figure
14.
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from sklearn.feature_selection import SelectKBest

from sklearn.feature_selection import chi2

from sklearn.feature_extraction.text import CountVectorizer
from sklearn.feature_ extraction.text import TfidfVectorizer
from xgboost import XGBClassifier

from sklearn.naive_bayes import BernoulliNB

from sklearn.ensemble import RandomForestClassifier

from sklearn.svm import SVC

from lightgbm import LGBMClassifier

from sklearn.model_selection import StratifiedKFold

from sklearn.metrics import f1_score, recall_score, precision_score, accuracy_score, confusion_matrix
fram tima imnart tims

Figure 14: Imported Required Libraries

4.1 Unigram without Length Feature

For the Unigram score model, CountVectorizer from sklearn.feature_extraction was im-
ported which was used to create a Unigram matrix where the ngram range was passed

s (1,1). After the matrix was created, the feature selection technique that is Chi-Square
was implemented where the top 300 features were picked as it gave the optimal results.
After this model like XGBoost, Light GBM, Bernoulli Naive Bayes, SVM, and Random
Forest were implemented with default parameters, except using the linear kernel for SVM
as linear Kernel works well for sparse dataf

Code:

# Bag of Words--- unigram
def funcUnigram():
unigram = CountVectorizer(tokenizer=lambda doc: doc, lowercase=False,ngram_range=(1,1))
bag_of_words= unigram.fit_transform(sms_dataset['Text'])
bow= bag_of_words.toarray()
#Chi Square :Feature Selection
Y=sms_dataset[ 'SMStype']
chi2_selector = SelectKBest(chi2, k=380)
X = chi2_selector.fit_transform(bow,Y)
# Trying to fit all models
models = [
('bernoulli_nb*, BernoulliNB(alpha=1.8, binarize=@8.8, class_prior=None, fit_prior=True)),
("svm", SVC({gamma="auto" ,kernel="1inear"')),
("xgboost', XGBClassifier()),
('random_forest', RandomForestClassifier(n_estimators = 1088, random_state = 42)),
('lgb',LGBMClassifier()),
]

scores = pd.DataFrame([], columns=['model’, 'accuracy', 'precision', 'Recall','Fl-Score'])
for model in models:
start_time = time()

i=1
element@@
element@l
elementl®
elementll
cv_accuracy_score =[]
cv_precision_score =[]
cv_recall_score =[]
cv_f1_score =[]

wowmon
@O DO

3https://www.svm-tutorial.com/2014/10/svm-linear-kernel-good-text-classification /
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° cv = StratifiedKFold(n_splits = 10, random_state = 5, shuffle=True)
Ykf = Y.values

for train_index, test_index in cv.split(X,Ykf):
X_train, X_test = X[train_index], X[test_index]
y_train, y_test = Ykf[train_index],Ykf[test_index]

model[1].fit(X_train,y_train)
y_pred = model[1].predict(X_test)

end_time = time()
execution_time = (end_time) - (start_time)

cm = (confusion_matrix(y_test, y_pred)).tolist()
#print('Model : ',model[®@], "\nConfusion Matrix: \n®,confusion_matrix(y_test, y_pred))

element@@ += cm[@][0]
element@l += cm[@][1]
elementl® += cm[1][8]
elementll += cm[1][1]

cv_accuracy_score.append(accuracy_score(y_test, y_pred))
cv_precision_score.append(precision_score(y_test, y_pred))
cv_recall_score.append(recall_score(y_test, y_pred))
cv_f1_score.append(fl_score(y_test, y_pred))

i+=1

cnf_mtx = np.matrix([[element®d, element®l], [elementl®, elementll]])
print('Model : ',model[@],'\nConfusion Matrix Sum: \n',cnf_mtx)
print('cv: ',cv_accuracy_score,"\nMean cv score: ",np.mean(cv_accuracy_score))
scores = scores.append({
'model’ :model[@],
‘accuracy’ : np.mean(cv_accuracy_score),
'precision’: np.mean(cv_precision_score),
'Recall’: np.mean(cv_recall_score),
"Fl-Score': np.mean(cv_f1_score),
"run_time': execution_time
}, ignore_index=True)
print(scores)
funcUnigram()

Figure 15: Code for Unigram Model without Length

The train and test dataset were divided using Stratified 10-fold cross-validation and
to evaluate the models, mean Accuracy, mean Precision, mean Recall, mean F1-score and
Execution time was calculated. The confusion matrix was also plotted by taking the sum
of all the 10 runs. The output generated was:
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> Medel : bernoulli nb
Confusion Matrix Sum:
[[74s 1]
[ 52 69511
cv:  [0.9733333333333334, 0.9866666666666667, .96, ©.9533333333333334, 0.9666666666666667, ©.94, 0.96, ©.9662162162162162, ©.9594594594594594, ©.9797297297297257]
Mean cv score: 0.9645405405405405
Model : svm
Confusion Matrix Sum:
[[732 15]
[ 41 706]]
cv:  [0.9666666666666667, .98, 0.96, . 7, o. . 0.9 34, 0.96, 0.9662162162162162, 0.9662162162162162, 0.9594594594594594]
Mean cv score: 0.9625225225225226
Model : xgboost
Confusion Matrix Sum:

cv: [0.9533333333333334, 0.9733333333333334, ©.9466666666666667, 0.96, 0.92, ©.94, ©.9333333333333333, ©.9459459459459459, ©.9459459459459459, ©.9391891891891851]
Mean cv score: 0.9457747747747748

Model : 1gb

Confusion Matrix Sum:

[[717 3]

[ 39 708]]

Mean cv score: 8.9537747747747748

model accuracy precision  Recall Fl-Score run_time
] bernoulli_nb 0.964541 ©.998592 ©.930414 0.963115 0.116155
1 svm  0.962523 ©.979691 ©.945171 0.961764 1.666668
2 xgboost 6.937730 ©.961285 ©.912937 ©.936219 8.195967
3 randon_forest ©.945775 ©.965916 ©.925045 ©.944678 31.284493
4 1gb ©.953775 ©.959925 ©0.947784 ©.953439 1.155866

[[719 28]

[ 65 682]]

cv: [0.9333333333333333, 0.953333 4, ©.9533333333333334, 0.94, 0.9133333 , ©.9533333 , 0.93333333333 , e. 59459, 0.9324324324324325, 0.918518918918919]
Mean cv score: 0.9377297297297297
Model : random_forest

Confusion Matrix Sum:

[[722 25]

[ 56 69111

v [0. , ©.973333: 4, ©.9533333333333334, ©.9733333333333334, 0.95 3333333334, 0.9533333333333334, 0.9 3 ©.9391891891891891, 0.9594594594594594, 0.932

Figure 16: Output for Unigram Model without Length

4.2 Unigram with Length Feature

Performed the same step as above but including the length feature. Code:

° # Bag of Words--- unigramwithlength
def funcUnigrambithLength():
unigram = CountVectorizer(tokenizer=lambda doc: doc, lowercase=False,ngram_range=(1,1))
bag_of_words= unigram.fit_transform(sms_dataset['Text'])
bow= bag_of_words.toarray()
#Chi Sguare :Feature Selection
Y=sms_dataset['SMStype']
chi2_selector = SelectKBest(chi2, k=380)
X = chi2_selector.fit_transform(bow,Y)
length = np.array(sms_dataset['Text_Length'])
X = np.column_stack((length,X))
# Trying to fit all models
models = [
('bernoulli_nb*, BernoulliNB(alpha=1.8, binarize=8.8, class_prior=None, fit_prior=True)),
("svm' ,S5VC(gamma="auto" ,kernel="1inear"')),
(' xgboost’, XGBClassiFier(}J,|
("random_forest', RandomForestClassifier({n_estimators = 1800, random_state = 42)),
{"lgb",LGBMClassifier()),
]

scores = pd.DataFrame([], columns=['model’, 'accuracy', "precision’, 'Recall’,'Fl-Score'])
for model in models:
start_time = time()

i=1

elemented = @
elament@l = @
elementl® = @
elementll = @
cv_accuracy_score =[]
cv_precision_score =[]
cv_recall_score =[]
cv_fl_score =[]

cv = StratifiedKFold(n_splits = 18, random_state = 5, shuffle=True)
Ykf = Y.values
for train_index, test_index in cv.split(X,Ykf):

¥_train, X_test = X[train_index], X[test_index]

y_train, y_test = Ykf[train_index],Ykf[test_index]

model[1].Fit(X_train,y_train)
y_pred = model[1].predict(X_test)
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end_time = time()
execution_time = (end_time) - (start_time)

em = (confusion_matrix{y_test, y_pred)).tolist()
#print("Model : *,model[@],  '\nConfusion Matrix: \n',confusion_matrix(y_test, y_pred))

elementd® += cm[@][8]
element8l += cm[@][1]
elementl® += cm[1][8@]
elementll += cm[1][1]

cv_accuracy_score.append(accuracy_score(y_test, y_pred))
cv_precision_score.append(precision_score(y_test, y_pred))
cv_recall_score.append(recall_score(y_test, y_pred))
cv_fl_score.append(fl_score(y_test, y_pred))

i+=1

cnf_mtx = np.matrix([[element®d, element@l], [elementld, elementll]])
print('Model : ',model[@], '\nConfusion Matrix Sum: \n',cnf_mtx)
print('cv: ",cv_accuracy_score,'\nMean cv score: ',np.mean(cv_accuracy_score))
scores = scores.append({
'mocel " :model[@],
‘accuracy” : np.mean(cv_accuracy_score),
‘precision’: np.mean{cv_precision_score),
'Recall’': np.mean(cv_recall_score),
'F1-Score": np.mean(cv_f1_score),
‘run_time": execution_time
}, ignore_index=True)
print(scores)
funcUnigramiiithLength()

Figure 17: Code for Unigram Model With Length

Output generated was:

> Model : bernoulli_nb
Confusion Matrix Sum:
[[746 1]
[ 52 695]]
cv: [0.9733333333333334, ©.9866666666666667, .96, ©.9533333333333334, 0.9666666666666667, ©.94, ©.96, 0.9662162162162162, 0.9594594594594594, ©.5797297297297297]
Mean cv score: ©.9645405485405405
Model : svm
Confusion Matrix Sum:
[[733 14]
[ 45 702]]
cv:  [0.9666666666666667, ©.9733333333333334, 0.94 7, 8.96, 0. 7, ©.94, ©.96, ©.9594594594594594, ©.9797297297297297, ©.9527027027027027]
Mean cv score: ©.9605225225225226
Model : xgboost

Confusion Matrix Sum:

[[716 31]

[ 53 694]]

cv:  [0.9533333333333334, ©.9533333333333334, 0.9533333333333334, 0.9333333333333333, 0.94, 0.9466666666666667, ©.9333333333333333, 0.9527027027027927, ©.95270270270278
Mean cv score: ©.943765765765766

Model : random_forest

Confusion Matrix Sum:

[[722 25]

[ 46 707]]

cv:  [0.9533333333333334, ©.9733333333333334, 0.96, 0.0666666666666667, 0.94, 0.96, 0.0466656666666667, 6.0594504504504504, 0.9662162162162162, 0.9391891891851891]
Mean cv score: 0.9564864364864864

Model : 1lgb
Confusion Matrix Sum:
[[722 25]
[ 43 704]]
cv:  [O. 7, ©. 7, 9.96, 0.94 7, ©.96, 8.9333333333333333, 0.9466666666666667, 0.9527027027027027, 0.9662162162162162, ©.94534594
Mean cv score: ©.9544864864864865
model accuracy precision  Recall Fl-Score run_time

] bernoulli_nb ©.964541 0.998592 ©.938414 0.963115 0.162245
1 svin  9.960523 0.980793 ©.939802 .959594 13.515427
2 xgboost ©0.943766 0.957937 ©.92%009 .942729 .686625
3 2}
a 2}

~

random_forest ©.956486 0.966047 .946450 .955995 32.770690

(-]
]
]
lgb ©.954486 0.965925 .942432 ©.953803 1.200719

Figure 18: Output for Unigram Model With Length

4.3 Bigram Without Length Feature

For the Bigram score model, CountVectorizer from sklearn.feature_extraction was impor-
ted which was used to create a Unigram matrix where the ngram range was passed as
(2,2) and the same steps were followed as for Unigram model. The code and output are
shown in below Figure 19 and 20. Code:
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° def funcBigram():
bigram = CountVectorizer(tokenizer=lambda doc: doc, lowercase=False,ngram_range=(2,2))
bag_of_words= bigram.fit_transform(sms_dataset['Text"])
bow= bag_of_words.toarray()
#Chi Sguare :Feature Selection
Y=sms_dataset['SMStype']
chi2_selector = SelectKBest(chi2, k=38@)
X = chi2_selector.fit_transform(bow,Y)
# Trying to fit all models
models = [
(*bernoulli_nb', BernoulliNB(alpha=1.8, binarize=8.8, class_prior=None, fit_prior=True)),
("svm',SVC(gamma="auto',kernel="1linear")),
("xgboost', XGBClassifier()),
(" random_forest', RandomForestClassifier(n_estimators = 1888, random_state = 42)}),
("1lgb',LGBMClassifier()),
]
scores = pd.DataFrame([], columns=['model', 'accuracy', 'precision’, 'Recall’,'Fl-Score'])

for model in models:
start_time = time()

i=1
element@d
element@l =
elementl@
elementll = @
cv_accuracy_score =[]
cv_precision_score =[]
cv_recall_score =[]
cv_fl_score =[]

]
[N~
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cv = StratifiedKFold(n_splits = 18, random_state = 5, shuffle=True)

Ykf = Y.values

for train_index, test_index in cv.split(X,Ykf):
X_train, X_test = X[train_index], X[test_index]
y_train, y_test = Ykf[train_index],Ykf[test_index]

model[1].fit(X_train,y_train)
y_pred = model[1].predict(X_test)

end_time = time()
execution_time = (end_time) - (start_time)

cm = (confusion_matrix(y_test, y_pred)).tolist()

element@@ += cm[@][8]
element8l += cm{@][1]]
elementl® += cm[1][@]
elementll += cm[1][1]

cv_accuracy_score.append(accuracy_score(y_test, y_pred))
cv_precision_score.append(precision_score(y_test, y_pred))

cv_recall_score.append(recall_score(y_test, y_pred))
cv_fl_score.append(fl_score(y_test, y_pred))

i+=1

cnf_mtx = np.matrix([[element®d, element®l], [elementld, elementll]])
print('Model : ',model[@],'\nConfusion Matrix Sum: \n',cnf_mtx)
print('cv: ',cv_accuracy_score,'\nMean cv score: ',np.mean{cv_accuracy_score))

scores = scores.append({
‘model’ :model[@],
‘accuracy’ : np.mean(cv_accuracy_score),
'precision’: np.mean(cv_precision_score),
‘Recall’: np.mean(cv_recall_score),
'F1-Score': np.mean(cv_f1l_score),
'run_time': execution_time

}, ignore_index=True)
print(scores)
funcBigram()

Figure 19: Code for Bigram Model Without Length

Output generated was:

C+

©.8378376378376378, 0.E37837E37E37E37E, 0.8105108105166109]

34, 9.8648640648548640, 0.8918918915918519, @.8783783783783784)

109, 9.8243243243243243, 0.75]

Mogel @ bernoulli_nb

Confusion Matrix Sum:

[[7a7 @]

[26& 4871]

cv: @ ©.6333333333333334, 0.84, 0.83 334, 9.8533333333333334, 0.82, 8.
Mean cv score: @.825681981981981%

Model @ svm

Confusion Matrix Sum:

(742 4]

[179 568]]

o [@ 2 @ B 8.88, 9.88, 0.8666 7, @
Megn ¢v scoré: ©.8775135135135136

Mogel : xghboost

Confusion Matrix Sum:

[[7a6 1]

(385 442]]

cv: [0.78, 8.8, .82, 9.7733333333333333, @.533333333333334, @. 6666, 0.7733333333333333, 0.5188
Mean cv score: @.7951881801831801

Model : random_forest

Confusion Matrix Sum:

[ra: 4]

[176 571]]

o [8. s 0. » 0. 8.88, 0.9, 0. » 8
Mean cv score: ©@.8795135135135135

Mogel : lgb

Confusion Matrix Sum:

[[7a6 1]

(423 324]]

7, ©.8513513513513513, @.8918918918915919, ©.89189189189158919)

cv: [B.74, 0.7666666E6666667, B.7, 0.74, @.TAGEGGEGEEEE666T, ©.T133333333333334, 0.66, 0.7004504504504504, 9.7430432432432432, 9.6611621621621622]

Mean cv score: @.7161531531531532

model accuracy precision Recall Fl-Score rum_time
@ bernoulli_nb 9.525952 1.90098@ ©.651954 @.7BB6ES  8.144221
1 svm @.877514  9.993219 0.76039¢ 0.560%00  2.507051
z xgboost B.795189 9.997436 ©.591712 @.741716  7.654397
3 random_forest ©.879514 9.99312¢ 0.764414 0.863512 48.739948
4 lgb @.716153  @.996154 0.433656 Q.GO1E16  9.372195

Figure 20: Output for Bigram Model Without Length
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4.4 Bigram With Length Feature

Performed the same step as above along with the length feature Code:

° # Bag of Words--- bigram
def funcBigramWithLength():
bigram = CountVectorizer(tokenizer=lambda doc: doc, lowercase=False,ngram_range=(2,2))
bag_of_words= bigram.fit_transform(sms_dataset['Text'])
bow= bag_of_words.toarray()
#Chi Sgquare :Feature Selection
Y=sms_dataset[ 'SMStype']
chi2_selector = SelectKBest(chi2, k=38@)
X = chi2_selector.fit_transform(bow,Y)
length = np.array(sms_dataset[ 'Text_Length'])
X = np.column_stack((length,X))
# Trying to fit all models
models = [
("bernoulli_nb', BernoulliNB(alpha=1.8, binarize=8.8, class_prior=None, fit_prior=True)),
("svm',SVC(gamma="'auto’ ,kernel="1inear"')),
('xgboost', XGBClassifier()),
('random_forest', RandomForestClassifier(n_estimators = 1008, random_state = 42}},
('1gb’,LGBMClassifier()),
]
scores = pd.DataFrame([], columns=['model’, 'accuracy', 'precision’, 'Recall’,’'Fl-Score’])

for model in models:
start_time = time()

=1
element®d =
element@l =
elementld =
elementll =
cv_accuracy_score =[]
cv_precision_score =[]
cv_recall score =[]
cv_f1_score =[]|

o0 0o

17



cv = StratifiedKFold(n_splits = 18, random_state = 5, shuffle=True)
Ykf = Y.values
for train_index, test_index in cv.split(X,Ykf):

X_train, X_test = X[train_index], X[test_index]

y_train, y_test = Ykf[train_index],Ykf[test_index]

model[1] .fit(X_train,y_train)
y_pred = model[1].predict(X_test)

end_time = time()
execution_time = (end_time) - (start_time)

cm = {confusion_matrix(y_test, y pred)).tolist()
# print('Model : ",model[@], "\nConfusion Matrix: \n',confusion_matrix(y_test, y_pred))

element@@ += cm[@][@]
element®l += cm[@][1]
elementl® += cm[1][@]
elementll += cm[1][1]

cv_accuracy_score.append(accuracy_score(y_test, y_pred))
cv_precision_score.append(precision_score(y_test, y_pred))
cv_recall_score.append{recall_score(y_test, y_pred))
cv_f1_score.append(f1_score(y_test, y pred))

i+=1

cnf_mtx = np.matrix({[[element®d, element®l], [elementl®, elementll]])
print('Model : °,model[@], \nConfusion Matrix Sum: \n",cnf_mix)
print{'cv: ',cv_accuracy_score,'\nMean cv score: ',np.mean{cv_accuracy_score))
scores = scores.append({
"model’ :model[@],
‘accuracy’ : np.mean{cv_accuracy_score),
‘precision’: np.mean(cv_precision_score),
'Recall’: np.mean(cv_recall_score),
'Fl-Score’: np.mean{cv_f1_score),
‘run_time": execution_time
}» ignore_index=True)
print(scores)
funcBigramiWithLength()

Figure 21: Code for Bigram Model With Length

Output generated was:

C

Model @ bernoulli_nb
Confusion Matrix Sum:
(747 @)
[260 487]]
cv:  [0.5066666665666666, ©.5333333333333334, .84, 0.8333333333333334, 9.8533333333323334, 0.8, @.78 9.83783 '8, @.83 8, ©.8105106108128105]
Mean cv score:  @.B259819819819819
Model @ svm
Comfusion Matrix Sum:
[[735 121
[174 573]]
ov:  [0.8666666666666667, .9, 9.9, 0.8733333333333333, 0.8933333333333333, @.8566666666666667, @.8533333333333334, 9.8513513513513513, ©.8618918518918919, @.8581081081081881)
Mean cv score: 8.B7545B46846B4685
Model : xgboost
Confusion Metrix Sum:
[[65& 7]
[ 84 863]]
cv:  [0.9966666666666666, ©.86, 0.8733333333333333, 0.87. 33333333, 2.87 3333333, 0.9, 0.8933333333333333, 0.8783783753783784, 0.8716216216216216, ©.5581051081081081)
Mean cv score: ©.B788188198108188
Model @  random_forest
Confusion Matrix Sum:
(687 &2
[1e€ 632]]
e [@ @.873333. 333, 9.8733333333333333, @ 7, 8.9, 2.994 .86, 9.8851351351351351, 0.9121621621621622, @.8918918915918919]
Mesn cv score: ©.BETSESSESSBEGESS
Model @ 1gh
Confusion Matrix Sum:
[[656 1]
[ &8 &52]]
cv:  [@.92, 9.8733333333333333, 0.88, 0.8 7, 8 » 9.9133333333333333, @ » @.8716216216216216, B.8783783783783784, 0.B8445545945545946])
Mean ov score:  @.BBRL2E6126126126
model accuracy precisien Recall Fl-Score run_time
bernoulli_nb 8.825582 1.000080 0.651964 0.7B8685  0.1427%0
svm 9.875468 9.97975@ 0.767063 0.B60071 36.287825
xgboost @.878811 ©.872573 0887512 0.87976% 7.7893&%
random_forest @.8875B6 9.915643 0.855477 0.BE3TTE 39.336861
lgb 9.880126 0.878527 0.882071 Q.BB000Z 9.630908

B

Figure 22: Output for Bigram Model With Length
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4.5 TF-IDF Without Length Feature

For the TF-IDF score model, TFIDF Vectorizer from sklearn.feature_extraction was im-
ported where the ngram range was passed as (1,1) and the same steps were followed as
for above models.The code and output are shown in below Figure 21 and 22. Code:

[ 1 # Bag of Words--- tfidf

def funcTfIDF():
tfidf = TfidfVectorizer(tokenizer = lambda doc: doc, lowercase = False,ngram_range = (1, 1))
doc_matrix = tfidf.fit_transform(sms_dataset['Text'])
bow= doc_matrix.toarray()

#Chi Square :Feature Selection
Y=sms_dataset['SMStype']
chi2_selector = SelectKBest(chi2, k=3@8)
X = chi2_selector.fit_transform(bow,Y)

# Trying to fit all models

models = [
{'bernoulli_nb', BernoulliMB(alpha=1.®, binarize=8.8, class_prior=None, fit_prior=True)),
('swvm',SVC(gamma="suto’ ,kernel="1linear'}),
{'xgboost', XGBClassifier()),
('random_forest®, RandomForestClassifier(n_estimators = 1080, random_state = 42)),
('lgb',LGBMClassifier()),
1

scores = pd.DataFrame([], columns=["model', 'accuracy', 'precision', 'Recall','Fl-Scere'])
for model in models:
start_time = time()

i=1
element@d
elementel
elementld
elementll =
cv_accuracy_score =[]
cv_precision_score =[]
cv_recall_score =[]
cv_fl_score =[]

"
o0 0
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cv = StratifiedKFold(n_splits = 1@, random_state = 5, shuffle=True)
Ykf = Y.values

for train_index, test_index im cv.split(X,Ykf):
X_train, X_test = X[train_index], X[test_index]
y_train, y_test = Ykf[train_index],Ykf[test_index]

model[1].fit(X_train,y_train)
y_pred = model[1].predict(X_test)

end_time = time()
execution_time = (end_time) - (start_time)

cm = (confusion_matrix(y_test, y_pred)).tolist()
#print('Model : ',model[@],'\nConfusion Matrix: \n',confusion_matrix(y_test, y_pred))

elementd@ += cm[@][0]
element@l += cm[@][1]
elementl® += cm[1][8]
elementll += cm[1][1]

cv_accuracy_score.append(accuracy_score(y_test, y_pred))
cv_precision_score.append(precision_score(y_test, y_pred))
cv_recall_score.append(recall_score(y_test, y_pred))
cv_fl_score.append(fl_score(y_test, y_pred))

i+=1

cnf_mtx = np.matrix([[element®d, element@l], [elementl®, elementll]])
print('Model : ',model[@],'‘\nConfusion Matrix Sum: ‘n',cnf_mix)
print('cv: ',cv_accuracy_score,'\nMean cv score: ',np.mean{cv_accuracy_score))
scores = scores.append({
‘model’ :model[@],
'accuracy' : np.mean(cv_accuracy_score),
'precision’: np.mean(cv_precision_score),
‘Recall’: np.mean(cv_recall_score),
'F1-Score': np.mean(cv_f1l_score),
‘run_time’: execution_time
¥, ignore_index=True)
print(scores)
funcTFIDF()

Figure 23: Code for TF-IDF Model Without Length

Output generated was:

L Model : bernoulli_nb
Confusion Matrix Sum:

[[7s6 1]

[ 51 696]]

cv: [@.0733333333333334, .08, 0.0666666666666667, 8.96, ©.08, .04, @. ) . 504, 8.072072072072073, 8.972972972972973]

Mean cv score: 8.06520720872872073

Model @ svm

Confusion Matrix Sum:

[[7sa 7]

[ 78 &77]]

ev: [8.04, 9.98, 0.94566 , ©.89533333333333334, 0. 7, 0. 65666, .94, ©.9391891891891891, 8.9504504504594504, ©.9324324324324325]
Mean cv score:  B.94B4418414412413

Model 1 xgboost

Confusion Matrix Sum:

[[723 28]

[ 63 684]]

cv:  [0.04, 9.0533333333333334, 0.0533333333333334, 9.0533333333333334, 0.92, 0.54, 8.0 . ©.9594 , B.9391591E91691691, B.9324324324324325]
Mean cv score: B.9417747747747747

Mocel @ random_forest

Confusion Matrix Sum:

[[721 26]

[ 39 788]]

cvr [0.06, 9.0733333333333334, 0.0G66666666666667, 9.0533333333333334, 0.05333333333333, B, , 8.94, @, , B.9662162162162162, @.9504504504504504]
Mean cv score: 9.9564854554554054
Mocel : lgb
Confusion Matrix Sum:

[[718 31]

[ 33 714]]

cv: [@ 5 B.59733333333333334,; 2. 67, 0.96, @ 7, B.9333333333333333, 9.94, 0.9391B91891891691, B.9797ZI7IHTIITIST, 9.9459459459459459]

Mean ov score:  @.957153183153153
model accuracy precision Recall Fl-Score  run_time

@ bernculli_nb ©.965207 @.998611 9.931748 9.963813 @.150926
1 svm 9.943841 9.990837 0.906288 @.945939 2.682606
2 xgboost ©.941775 @.966626 0.915694 @.948192 7.926118
3 random_forest ©.956495  Q.GHAEE2 0.947882 9.0546033 38,3872
4 Igh @.95715% Q.958324 0.955838 0.95£051 1.7057%1

Figure 24: Output for TF-IDF Model Without Length
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4.6 TF-IDF With Length Feature

Performed the same step as above along with the length feature Code:

[ 1 # Bag of Words--- tfidf
def funcTFfIDFWithLength():
tfidf = TfidfVectorizer(tokenizer = lambda doc: doc, lowercase = False,ngram_range = (1, 1))
doc_matrix = tfidf.fit_transform(sms_dataset['Text'])
bow= doc_matrix.toarray()
#Chi Square :Feature Selection
Y=sms_dataset['SMStype']
chi2_selector = SelectKBest(chi2, k=388)
X = chi2_selector.fit_transform(bow,Y)
length = np.array(sms_dataset['Text_Length'])
X = np.column_stack((length,X))
#df=pd.DataFrame(X_kbest)
#df.rename(columns={@: 'Text_Length'}, inplace=True)
#df .head()
# Trying to fit all models
models = [
('bernoulli_nb', BernoulliNB(alpha=1.8, binarize=@.@, class_prior=None, fit_prior=True)),
{"svm’,5VC(gamma="auto' ,kernel="linear')},
("xgboost', XGBClassifier()),
("random_forest®, RandomForestClassifier(n_estimators = 1800, random state = 42)),
(*lgb',LGBMClassifier()),
]

scores = pd.DataFrame([], columns=['model', ‘accuracy', 'precision’, 'Recall’,'Fl-Score®])
for model in models:
start_time = time()

i=1
elementod =
element@l =
elementld =
elementll =
cv_accuracy_score =[]
cv_precision_score =[]
cv_recall_score =[]
cv_f1l_score =[]

[:]
a
-]
a
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cv = StratifiedKFold(n_splits = 18, random_state = 5, shuffle=True)
Ykf = Y.values

for train_index, test_index in cv.split(X,Ykf):
X_train, X_test = X[train_index], X[test_index]
y_train, y_test = Ykf[train_index],Ykf[test_index]

model[1].fit(X_train,y_train)
y_pred = model[1].predict(X_test)

end_time = time()
execution_time = (end_time) - (start_time)

cm = (confusion_matrix(y_test, y_pred)).tolist()
#print('Model : ',model[@], '\nConfusion Matrix: \n',confusion_matrix(y_test, y_pred))

element®d += cm[@][@]
element@l += cm[@][1]
elementl® += cm[1][@]
elementll += cm[1][1]

cv_accuracy_score.append(accuracy_score(y_test, y_pred))
cv_precision_score.append(precision_score(y_test, y_pred))
cv_recall_score.append(recall_score(y_test, y_pred))
cv_fl_score.append(fl_score(y_test, y_pred))

i+=1

cnf_mtx = np.matrix([[element®d, element8l], [elementl®, elementll]])
print('Model : ',model[®], '\nConfusion Matrix Sum: \n',cnf_mtx)
print(’'cv: ',cv_accuracy_score,'\nMean cv score: ',np.mean{cv_accuracy_score))
scores = scores.append({
'model” :model[@],
'accuracy' : np.mean(cv_accuracy_score),
'precision’: np.mean{cv_precision_score),
'Recall’': np.mean(cv_recall_score),
'Fl-Score': np.mean(cv_f1_score),
‘run_time': execution_time
¥, ignore_index=True)
print(scores)
funcTfIDFWithLength()

Figure 25: Code for TF-IDF Model With Length

Output generated was:

Cr Model : bernoulli_nb
Confusion Matrix Sum:

evi [0.97 ©.98, @ , 8.9, 8.38, 8.94, @ , 8. ©.072972972972973, 8.572972972972973]
Mean cv score: ©.9652072072972073

rodel : svm

Confusion Matrix Sum:

(727 20)

[ 58 £97]]
cvi o [8.96, @ 7, 0.
Mean cv score: @.953142144144144]
Model : xgboost
Confusion Matrix Sum:

[[718 23]

[ 54 69311

. @ , .96, @ 3333333, 0. @.9527927027027027, 9. . B 1

o [e. . 896, 8.9533 . 8. s 7, @. LS a. . 8. , 8912
Mean cv score: 9.5444054054054053
Model :  random_farest
Comfusion Matrix Sus:
L7237 ]
[ 34 713]]
cv: [0.95, .58, 8. 6665667, © ) 7, ©.96, 9.94, 0.972072072072073, ©.9594504504504554, O, 0662162162162162)
Mean cv score: 9.963864B548648648
Model : 1gb
Confusion Matrix Sum:
[[713 28]
[ 41 78€])
ev: [0.96, @. . @ . 0.54, @ . B s 0. . @ » 9.952782 827827, @
Mean cv score: 9.9537927927927928
model accurscy precisicn Recall Fl-Score  run_time
bernoulli_nb @.965207 0.998611 0.931748 @.963813  9.156338
svm 9.953144  @.972263 0.933099 9.952114 30.285465
xgboost 9.944485 0.960310 0.927658 9.943216 7.919159
random_forest @.963865 9.973089 0.954505 0.963466 34.957316
1o 9.953783  0.962077 0.545081 0953326  1.707481

k@

Figure 26: Output for TF-IDF Model With Length
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4.7 Conclusion

Looking at the results and analyzing it in the technical report, it was seen that Bernoulli
Naive Bayes with TF-IDF with length outperformed amongst other model with an ac-
curacy of 0.965 and execution time of 0.15 seconds followed by Light GBM with accuracy
of 0.954 and execution time of 1.708 seconds.Hence these 2 models are the best fit for the
problem.
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