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Abstract - There are a lot of applications like Chatbot, websites, business analytics etc. that requires text classification. Text 

classification refers to an automatic classification of text based on predefined classes. This study aims to classify text 

documents. The proposed system comprises of four steps: Dataset format creation, exploratory data analysis, feature 

engineering and model training. Hyperparameters of SVM, KNN and Multinomial logistic regression are tuned using 

random search and grid search. Classification is performed using 3-fold cross validation with fifty iterations. Experimental 

results show that the methods are effective in terms of classification. Train and test accuracy are calculated. Model whose 

difference between train and test accuracy is minimum is selected as the best model. However, it is observed that SVM out 

performs other classifiers. Additionally, misclassified articles are also calculated and analyzed. 
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I. INTRODUCTION 

 

The process of assigning one or more pre-defined 

categories to a document on the basis of its content 

with natural language processing methods is called as 

text classification. The quantity of data that has 

increased greatly, led to information overload due to 

rise in popularity of internet. Because of messy nature 

of text, analyzing, organizing, sorting and 

understanding through text data is hard and time 

consuming. As a result, research into developing the 

efficient and effective text classification algorithms 

for massive text documents have become crucial.  

Text classification saves time and helps in business 

decisions and processes. One of the reasons for 

leveraging text classification is scalability. Manually 

analyzing and organizing text takes time. It‟s a slow 

process. 

 

Machine learning changes this and enables to easily 

analyze millions of texts in fraction of seconds or 

minutes. Developments are shown by adding 

semantic background to the documents. Text 

classification is used in broad range of context such 

as classifying short texts (messages, tweets), larger 

documents (emails, customer reviews, media). Some 

of the well-known examples are sentiment analysis, 

topic labelling, language detection and intent 

detection. 

 

This paper proposes Multi-class text classification. 

Hyperparameters of SVM, KNN and Multinomial 

logistic regression are tuned by using random search 

and grid search to obtain better results. 

 

II. LITERATURE REVIEW 

 

In paper [1], intent classification is performed using 

multinomial Naïve Bayes and Logistic regression 

using a personal data set. Results show that logistic 

regression performs better than Naïve Bayes. In paper 

[2], sentiment analysis is performed on different 

phone models. Optimum accuracy of 90.99% is 

achieved using SVM. In paper [3], personality 

classification is performed using SVM, Naïve Bayes 

and KNN. Results shows that Naïve Bayes performs 

better than others. In paper [4], author has performed 

Urdu text classification using SVM, KNN and 

decision trees. Results show that SVM performs 

better than other two. In paper [5], author has 

compared four text classifiers for movie review. 

Results show that Naïve Bayes performs better than 

other classifiers. In paper [6], text classification on 

cyber bullying comments has been performed. 

Results show that accuracy of 79.412% has been 

achieved. 

 

However, personal data sets have been used in some 

cases and hyperparameters are not tuned which would 

improve the performance of models. These 

unexpected findings have led to conduct additional 

research in tuning hyperparameters for the supervised 

machine learning algorithms implemented in this 

paper. 

 

III. SYSTEM DESIGN 

 

In this part, a brief explanation is presented about 

system design. System consist of following parts: 

Dataset creation, exploratory data analysis (EDA), 

feature engineering, hyperparameter tuning and 

model training, comparison. Figure 1. depicts general 

architecture of the proposed system. Each step is 

individually explained in the following section. 

 

 

 

 



International Journal of Electrical, Electronics and Data Communication, ISSN(p): 2320-2084, ISSN(e): 2321-2950 

Volume-8, Issue-5, May.-2020, http://iraj.in 

Multi-Class Text Classification using Hyperparameter Tuned Models 

 
    2 

A. Dataset creation 

 
Figure 1 Architecture of system 

 

B. Dataset Format Creation 

The raw dataset used for text classification consist of 

2225 documents from the BBC news website 

corresponding to stories in five topical areas business, 

entertainment, sports, tech and politics. 

The aim of this step is to get a dataset format in the 

structure shown in Table 1. 

 

File Name Content Category 

…………. …………… ………………. 

…………. …………… ………………. 
Table 1 Dataset format creation 

R script is used because the package ‘readtext’ simplifies this 

procedure. 

 

C. Exploratory Data Analysis 

One of our main concerns while developing a 

classification model is to check whether the different 

classes are balanced. One of the ways of dealing with 

imbalanced datasets is to under sample the majority 

class and over sample the minority class. Classes are 

balanced so we won‟t perform any under or over 

sampling. 
 

 
Figure 2 Percentage of articles in each category 

D. Feature Engineering 

Feature engineering is a process of transforming data 

into features to act as an input to model such that 

good quality features help in improving model 

performance. 

1. Text representation based on TF-IDF 

TF-IDF represents relative importance of term in 

document and entire corpus. TF -IDF stands for Term 

Frequency-Inverse Document Frequency. 

 
In equation (1), t is term (word in a document), d is 

the document, TF (t, d) is number of times term t 

appears in d, N is the number of documents in corpus 

and DF(t) is number of documents in corpus 

containing term t. 

TF-IDF feature creation is a fast process which leads 

to shorter waiting time and tune features to avoid 

possible over fitting. Following parameters are 

chosen. N-gram range: (1,2) as we expect bigrams to 

improve our model performance. Maximum DF is 

100% to avoid ignoring other words. Minimum DF is 

10 to get rid of rare words that don‟t appear in more 

than 10 documents. Maximum features are chosen to 

be 300 to avoid overfitting which rises from a large 

number of features compared to the number of 

training examples. 

2. Text cleaning 

Before creating features from raw text, text cleaning 

process is performed to ensure no distortions are 

introduced. Following steps are followed. 

a. Special character cleaning: Characters such as 

“\n” double quotes are removed as they don‟t 

have predicting power. 

b. Up case/down case: Examples like „book‟ and 

„Book‟ have same predicting power so we have 

down case every word. 

c. Punctuation sign: Characters like “?”,”!”,”;” 

have been removed. 

d. Possessive pronouns: Words like “Trump” and 

“Trump‟s” have same predicting power. 

e. Lemmatization: Lemmatization is a process of 

reducing a word to its lemma. It provides 

existing words. Lemmatizer based in Wordnet is 

used. 

f. Stop words: Stop words like “what” or “they” 

won‟t have predicting power. They may 

represent noise that can be eliminated. list of stop 

words from „nltk‟ package are downloaded. 

3. Label coding 

Machine learning models require numeric features 

and labels to provide prediction. For this reason, 

dictionary is created to map each label to a numerical 

ID. Mapping scheme is as follows; Business-0, 

Entertainment-1, Politics-2, Sports-3, Tech-4. 

 

E. Hyperparameter Tuning and Model Training 

A random split with 85% of the observations 

composing the training set and 15% composing the 
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test set is choosen. Hyperparameter tuning process is 

performed with cross validation in the training data, 

fitted the final model to it and then evaluated it with 

totally unseen data so as to obtain an evaluation 

metric as less biased as possible. 

It is decided which hyperparameters are to be tuned 

for each model. Hyperparameters that have more 

influence in the model behavior are taken into 

account considering that a high number of parameters 

would require a lot of computational time. Several 

machine learning models are tested to figure out 

which one may fit better to the data and capture the 

relationships across the points and their labels. 

Hyperparameter tuning on following algorithms is 

realized. 

1. Support Vector Machines 

Support Vector Machine is a supervised machine 

learning algorithm which is mostly used in 

classification problems. The classification is 

performed by finding the hyperplane that best 

differentiates the classes. When we have non-linear 

relationships in our data, we can modify the 

coordinate space with some kernel transformations to 

capture the relationships. Following hyperparameters 

are tuned: 

• C: Penalty parameter of error term. 

• Kernel: Specifies the type of kernel. 

• Gamma: kernel coefficient 

• Degree: Degree of polynomial kernel function. 

The multi-class classification is achieved with a “one-

vs-all” scheme. 

2. KNN 

The K nearest neighbors‟ algorithm is a non-

parametric method used for classification and 

regression. In both cases, the input consists of the K 

closest training examples in the feature space. In the 

case of classification, the output is the class 

membership of the point. The list of hyperparameters 

we have tuned is: 

K: Number of neighbors to use by default for queries. 

In our case K=6. 

Only Grid Search Cross Validation is performed to 

get the best value of K in terms of accuracy as we 

have single parameter. 

3. Multinomial Logistic Regression 

Multinomial Logistic Regression is a classification 

method that generalizes logistic regression to 

multiclass problems. The list of hyperparameters 

tuned are: 

• C: Inverse of regularization strength. Smaller 

values specify stronger regularization. 

• Multi-class: Multinomial is chosen because it is a 

multi-class problem. 

• Solver: Algorithm to be used. For multi-class 

classification only newton-cg, sag, saga and 

lbfgs handle multinomial loss. 

• Class weights: weights associated with class. 

• Penalty: Used to specify norm used in 

penalization. Newton-cg, sag and lbfgs support l2 

penalty. 

Regression model which uses L2 regularization is 

called as ridge regression. It adds squared magnitude 

of coefficient as a penalty term to the loss function. 

 

𝐿𝑟𝑖𝑑𝑔𝑒 =  (Yi −   Xiβi

𝑝
𝑗=1 )2𝑛

𝑖=1 +  𝜆 𝛽𝑗
2𝑝

𝑗=1     (2) 

 

Highlighted part in equation (2) represents 

regularization element. Here, 𝜆 is shrinkage 

parameter, 𝑋𝑖  is predictor, 𝑌𝑖  is response variable. 

 

IV. EVALUATION 

 

After selecting the hyperparameters, wider range of 

values for each of it is covered by using Random 

Search CV without incurring in high execution time. 

After narrowing down the range, we know where to 

concentrate our search and explicitly specify every 

combination of settings to try in Grid search CV. 
 

 
Figure 3 Number of folds(k) vs time 

 

We have chosen number of folds (k) =3 and 

iterations(n)=50. The reason behind choosing this in 

the Randomized Search CV comes from the trade-off 

between shorter execution time or testing a high 

number of combinations. Figure 3. shows trade-off 

between k and computational time. After performing 

the hyperparameter tuning process with the training 

data via cross validation and fitting the model to this 

training data, we need to evaluate its performance on 

totally unseen data (the test set). When dealing with 

classification problems, there are several metrics that 

can be used to gain insights on how the model is 

performing. Some of them are: 

1) Accuracy: The accuracy metric measures the 

ratio of correct predictions over the total number 

of instances evaluated. 

2) Precision: Precision is used to measure the 

positive patterns that are correctly predicted from 

the total predicted patterns in a positive class. 

3) Recall: Recall is used to measure the fraction of 

positive patterns that are correctly classified. 

4) F1-Score: This metric represents the harmonic 

mean between recall and precision values. 

 

These metrics become more complex to compute and 

less interpretable. Therefore, only accuracy is studied 

when comparing the models. 

 



International Journal of Electrical, Electronics and Data Communication, ISSN(p): 2320-2084, ISSN(e): 2321-2950 

Volume-8, Issue-5, May.-2020, http://iraj.in 

Multi-Class Text Classification using Hyperparameter Tuned Models 

 
    4 

V. RESULTS AND DISCUSSION 

 

In this section, we present results observed by 

hyperparameter tuning of the discussed algorithms. 

Only classic machine learning models are used 

instead of deep learning models because of the 

insufficient data we have. TF-IDF is used as features 

for text representation and Chi squared test to check 

which unigram or bigrams are correlated with each 

category. It is seen that unigrams corresponded well 

to their category, bigrams did not. This means the 

unigrams have more correlation with their category 

than the bigrams. Since the number of features are 

restricted to 300, only a few bigrams are being 

considered. 

Firstly, accuracy on both training and test sets are 

calculated so as to detect overfit models. Confusion 

matrix and the classification report are obtained for 

every model. Table 2. Shows accuracy obtained by 

the mentioned algorithms. It is observed that the 

Multinomial Logistic Regression and KNN seem to 

be overfit since they have an extremely high train 

accuracy but a lower test accuracy. Any model 

whose test accuracy is nearer to the train accuracy is 

efficient as it can predict more accurately. 

 

Method Train acc. (%) Test acc. (%) 

SVM 95.92 94.01 

Multinomial  

Logistic Reg. 
98.14 94.02 

KNN 95.98 92.81 
Table 2. Accuracy 

 

Clearly it can be seen from Table 2. that difference 

between Train and test accuracy of SVM is 1.91%, 

Multinomial Logistic Regression is 4.12% and KNN 

is 3.17%. Hence, we have selected SVM classifier 

above the remaining models. The confusion matrix 

and classification report of the SVM model are shown 

in Figure 4. and Figure 5. respectively. It can be seen 

that sports category has highest precision amongst all 

followed by politics. Business category has lowest 

precision. For further analysis, misclassified articles 

in SVM are calculated. A sample is shown in Figure 

6. where actual category was Politics and predicted 

category was Tech. The reason it was misclassified is 

because the text “Assembly ballot papers” was 

missing in that particular document. 
 

 
Figure 4. Confusion matrix 

 
Figure 5. Classification report 

 

 
Figure 6.  Misclassified article 

 

VI. CONCLUSION 

 

In this study, classification performances of 

Multinomial Logistic regression, SVM and KNN 

were observed and compared using different 

hyperparameters. Moreover, k fold cross validation 

was implemented to access the accuracy rates. 

Support Vector Machine (SVM) is chosen because 

the difference between Train and test accuracy of 

SVM is least. On other hand Multinomial Logistic 

regression was showing least performance among all 

three because of over-fitting. 

 

It can be seen that tuning specific hyperparameters 

can increase the accuracy of the model but there 

needs to be a trade-off between number of folds/ 

testing higher number of samples by considering the 

computational time. Vital reason for high accuracy is 

the use of Grid search CV as it returns optimum 

parameters and for high precision is the use of TF-

IDF and Chi squared test. In the future, we can use 

various deep learning methods given that we have 

large datasets. 
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