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Abstract—Document Classification is a problem in information science. The text documents are
assigned to one or more classes or categories for classification. Classifying text Documents using
various Naive Bayes, Random Forest, Linear and Non-Linear SVM and compared these
algorithms on different metrics like accuracy, F1-Score, training and testing time. Based on the
analysis, SVM demonstrated that all of the other models when it comes to accuracy. Random
Forest accuracy score was also quite good but took considerable time during training phase.
From this we can gather the following information. There are three unique or distinct values in
the category column which translates to the fact that there are three classes. "*Administrative"
category seems to be the most frequent category in this column also the count value confirms
that there are no missing values in the dataframe now. It can be gathered clearly from the
metrics that Linear SVM is clearly the winner in terms of strong accuracy score, training time
and testing time. Random Forest and Non linear SVM classifiers' accuracy score is also quite
appealing but the high magnitude of their training time is somewhat degrading. It has also been
found and demonstrated that if we use lesser number of features (e.g. 5000), selected by
applying chi-square test, then the accuracy scores remains the same. The further analyze the
training and prediction time of the machine learning algorithms; it will come to further know
that it would be greatly improved as well because of much less number of features. The results
have been again validated by making use of cross validation. It demonstrated that the accuracy
scores that got were equal to the ones got by applying cross validation.

Index Terms— Random Forest Classifier, Multinomial Naive Bayes, Naive Bayes, Stochastic
Gradient Descent.

|. INTRODUCTION

The basic reason for data and information fusion is to reduce the uncertainty in our understanding and prediction
of the state of certain aspect of the world. The text document classification system contains four different levels
of scope that can be applied. The Document level is the first level where the algorithms are used to obtain the
relevance for categorizing the document. Where the second level is the paragraph level, where the algorithms are
used to acquires the relevance in single paragraph are categorized and therefore is also said that a portion of a
document categorization. The third level is the sentence level, which are used to find the relevance in single
sentence and categorizing the portion of the paragraph. The fourth level is the Sub-sentence level, where the
algorithms are used to find the relevance in sub-expressions in a sentence.
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Figure 1. Text Document Classification System

A. Finding out the Value Distribution profile of the Category Variable

Its crucial to know in advance the basic statistics of the target/label variable so as to ensure that there is no issue
of class imbalance there. For that, we need to calculate the count of each of the class label instances in our
dataframe.

B. Lexical Analysis of the Text Data

As text data's pre-processing transforms the words/terms into respective columns (though in much improved
approach e.g. only frequent terms and also the rare ones (TF-IDF) are transformed into columns, more on that
later), so it’s a good step to analyze the vocabulary richness of our data. If we just analyze the lexical richness of
the text_description data, it will still give us much idea about how rich our data is in terms of unique vocabulary
words.

1. MATERIALS AND METHODS

A. Boosting

Ensemble learning for reducing variance in supervised learning. It belongs to the family of machine learning
algorithms which convert weak learners to strong ones. As boosting is a strong learner it can able to classify the
arbitrarily well-correlated and with true classification.

B. Naive Bayes Classifier

Naive Bayes technique used for text and document categorization, where Naive Bayes Classifier (NBC) is a
generative model that can widely use for Information Retrieval. which developed by using term-frequency (Bag
of Word) feature extraction technique by counting number of words in documents.

C. Support Vector Machine (SVM)

The SVM was designed to find solution for binary classification issues, it have been used in multi-class problem
based on authoritative technique.

D. Decision Tree

Decision tree algorithm for successful classification of text document are structured in the way of decomposition
of data in hierarchical. The main issues is to determine the attributes of data points for tree creation which leads
parent level and that will be in child level.

E. Dataset

The data-set had the following basic properties: It was provided in .csv format. The data-set simulated the real
life scenario of jobs posted on a job portal and comprised of Job's title, Job's description along with its category
As the data was labelled so in the context of machine learning, it was a Supervised Machine learning problem
i.e. | had access to the data that was already correctly labelled and | had to train a model using this historical
data. The main goal was to build a model that could accurately classify new and unseen data when it was input to
iti.e. to assign proper class/label/category to a job posting when its input to the model. As the nature of the data
was "text" so this project also involved extensive usage of text mining techniques as well.

Text in its basic form is unstructured and to develop predictive models, the data needs to be thoroughly pre-
processed. So, the pipeline of developing models that: Data Profiling -> Data Cleansing -> Exploratory Analysis
-> Data Pre-processing -> Feature Extraction and Selection -> Model Development -> Model Evaluation

When text data is pre-processed, the issue of curse of dimensionality usually appears i.e. data becomes highly
multi-dimensional with lots of features ranging in thousands. Not all of those features are helpful and also it
adversely affects the performance of classifiers as well so following the best practices, we opted for best-in-class
feature extraction methods and also applied feature selection techniques so as to compile only those features that
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will contribute in this prediction problem. For model development, we used and compared the following set of
machine learning algorithms:

Bernoulli Naive Bayes

Multinomial Naive Bayes

e Random Forests

F. Naive Bayes

Naive Bayes is one of the most widely used classification algorithm in text mining applications. Based on Bayes
theorem, this model makes the assumption that all the features are independent of each other and uses the
probabilities of each attribute belonging to each class to make a prediction. The condition of independence may
not be valid in many circumstances but as a base line model, it’s a good starting point to test its performance on
the provided data. There are two forms of Naive Bayes: Bernoulli (designed for Boolean /binary features i.e. just
considers the presence or absence of a feature) Multinomial (which also considers the occurrence counts of the
feature)

G. Linear SVM

SVM with non-linear kernel and compared these algorithms on different metrics like accuracy, F1-Score,
training and testing time. As per my analysis, SVM outshines all of the other models when it comes to accuracy.
Random Forests accuracy score was also quite good but took considerable time during training phase. For
implementation, | used Python. Specifically, we used the following libraries/modules of Python for different set
of tasks: Pandas, NumPy, SkLearn, Nltk, Matplotlib.

I11. EXPERIMENT AND RESULTS

A. Experimental Setup

Initially the data has been loaded properly in the dataframe. The data-set had header rows in it as well which has
been loaded in the dataframe as well. Though if required, we can assign different column names to this
dataframe as well. the data-set has 5838 rows and 4 columns. So it can be gathered from the above snippet of
code that the text_description column has 1 missing value. The next logical step should be to find out where is
that missing value located. Thus it verifies the fact that there is a missing value in this column represent by NaN.
Now there can be three approaches: rom this we can gather the following information:

There are three unique or distinct values in the category column which translates to the fact that there are three
classes. "Administrative" category seems to be the most frequent category in this column also the count value
confirms that there are no missing values in the dataframe now. Either we remove the row which has missing
value or it will "imputate” the missing value or a simpler approach: Knowing that the "text_description" column
contains text (str) so we can reload the data-set with this knowledge and clearly specifying that in str based
missing values. Any of the above approach can be done and experimented with all of these but for this report, we
followed the third method for the sake of brevity. Thus reloading the dataset with added parameters.

B. Data Pre-Processing

The data in its raw form isn't always suitable for developing analytical models. To make the raw data compliant
for analysis, pre-processing steps have to be performed. The pre-processing steps depend largely on the type of
analysis that one intends to perform for instance regression, classification or clustering. In our particular case, we
want to perform multi-class classification and the data at hand is text. So to perform pre-processing, the
following steps are performed: Converting all of the data into lower case. Stemming the words so as to further
reduce the feature size. Also, in our given data set, we made use of both the given features i.e., title and job
description to create new features and for pre-processing. I've found that if we use both titles and job description,
better features are formed and overall accuracy score of classifier.

C. Steps involved in Automatic Document Classification

Step 1: Data Extraction

Initially the data are generated locally to train the proposed model. The function namely local-data.py are
specified the dates and the key. This code will create the specified dataset (headers: id, text, label) and fix the
category and labels file. The code will automatically increment the dates and keep on collecting the data
specified by the iterations. There are multiple categories such as News, Sport, Television & radio, Environment,
Science and design, Global, Food, Culture, Community, Money and Technology.
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Step 2: Create a model using the extracted data

Later the dataset is uploaded and created the pipeline model using the pipeline.py. This file will save the pipeline
in a folder and will show the accuracy of the model by using dataset for 80% training and 20% testing.

Step 3: Run stream_producer.py to use the extracted model to classify streaming data

Now the stream_producer.py to create for stream data and the spark_stream.py file to read the stream and load
the created model and generate the prediction on the fly. Please, add the saved model full path in the
spark_stream.py file.

D. Result Analysis
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Figure 2. Distribution of Three Classes

The above plot that how the count of the three classes in the category column are distributed. As there is not
much of a difference in the relative count of each of these classes so we can safely proceed to the model
development. if there was a lot of imbalance, it also have to resort to under or oversampling during the training
and testing phase so as to minimize the bias.

A very naive and base approach would be to use all of these 33k features in the classification. But it not
recommended because of many classification algorithms can’t work in such immensely high dimension data.
Relatively better approach would be to use N top frequent words by following bag of words approach. But this
tends to favour of those terms which are repeated in all of the corpus; which don’t help in the overall
classification objective. On comparison, a much better approach is to use TF-IDF. As we will see that number of
unique vocabulary terms will be helpful in making comparison when we derive much less yet important features
using TF-IDF. Applying Multinomial Naive Bayes: Bernoulli Naive Bayes just uses the fact that whether a
feature is present or not. However if we somehow also take into account the occurrence weight or count of the
feature as well (in our case, the TF-IDF weight of each feature), we can hypothesize that the performance of such
classifier will be equally good, if not better. For this purpose, I've made use of the Multi-nominal Naive Bayes as
Accuracy score 93 % in training time 33 sec and prediction time of 0.09 sec, whereas when applying Random
Forest Classifier the ensemble learning methods for classification and regression tasks. In Random Forest, a
subset of the training data is fit on a number of decision trees. Random Forests have the characteristic to
minimize variance if its there in the data-set. There training time is generally quite higher which is one of their
drawbacks to be used in production environment. However, the operations can be parallelized to reduce the
training time. Also, greater the number of trees in the random forests, better will be the result however it comes
with a trade off: the training time tends to increase as well. Also, if the number of trees tend to increase, the rate
of improvement of accuracy may also tend to slow as well. I've used random forests with 50 trees. However, we
can implement a routine to check the accuracy of the random forests by using different number of trees a 50 have
training Time as 6.059000s where Accuracy Score as 0.9842.

The accuracy of this classifier is quite good but on the other hand, the training time and prediction time is quite
higher compared to other classifier.

Applying cross validation is a model evaluation technique in which input training data is split into k sets/folds
and model is learnt on k-1 sets and validated on the remaining set. It minimizes the risk of over-fitting and its
main goal is to estimate how accurately a predictive model will perform in practice on un-seen data.
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Comparison of Training Time of different classifiers

Comparison of Accuracy Scores of different classifiers
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Figure 3. Comparison of Training Time of different classifiers Figure 4. Comparison of Accuracy Scores of different classifiers

I\VV. CONCLUSION

It is clearly analysed from the metrics that Linear SVM is clearly the winner in terms of strong accuracy score,
training time and testing time. Random Forest and Non linear SVM classifiers' accuracy score is also quite
appealing but the high magnitude of their training time is somewhat degrading. It has also been found and
demonstrated that if we use lesser number of features (e.g. 5000), selected by applying chi-square test, then the
accuracy scores remains the same. If further analyzing the training and prediction time of the machine learning
algorithms, we will come to further know that it would be greatly improved as well because of much less number
of features. The results have been again validated by making use of cross validation. The accuracy scores that
got are equal to the ones that is got by applying cross validation.
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