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1 Introduction 

1.1 Overview 

In the present day everywhere, smartphones are the most important part of human lives. The 

people are claiming and purchasing the different features of the mobiles based on the display, 

ram, networking (4G/5G), camera, and some other features. Hence the study focuses on 

utilising the features from the dataset downloaded from Kaggle and attempting machine 

learning algorithms such that it can find its applications in fields like mobile price prediction, 

and price prediction through data collected from review and apply sentimental analysis to find 

the similar features and apply the similar context. However, based on the features the mobile 

process varies from each other. There are a lot of existing methods that are developed by the 

various authors for predicting prices for houses and other objects but only a few contexts are 

based on predicting the mobile prices. Hence, here from the machine learning algorithms, in 

this work and comparison is displayed between the single classifier, ensemble techniques and 

Boosting algorithms. Finally, the comparison of the classification metrics is shown between 

the Logistic regression, Decision tree, random forest and XGboost algorithm. The comparisons 

are concluded by performing the enhancement techniques like the feature selection method and 

information gain method. Hence, mobile phone prices and classifying. This proposed work 

develops machine learning models which predict and classify mobile phones easily. 

1.2 Aim and objectives 

A. Aim  

Predicting and Classifying the Mobile Prices using Machine Learning. The main goal of this 

project is to make a comparison among the classification algorithm like Logistic regression, 

Decision tree, random forest and XGboost algorithm to classify the prices of different mobiles 

based on their independent features. The study also aims to apply the information gain method 

of feature selection to improve the precision, recall and accuracy of the models.  

B. Objectives 

• To find the appropriate dataset related to mobile prices.to understand the features in the 

dataset.  

• To understand the obtained dataset and perform the pre-processing techniques. 

• To explore and research the different Machine Learning algorithms in the methodology 

chapter and make justifications based on the individual algorithms’ advantages as well 

as disadvantages.  
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• To develop a suitable code to implement these algorithms practically and compare them 

based on accuracies. 

• Finally, provide better conclusions by improving the precision, recall and accuracy by 

applying the feature selection method.  

1.3 Methodology 

The obtained dataset is collected from Kaggle which is an open-source online platform related 

to changes in prices of mobiles based on the different parameters. This dataset consists of 2000 

rows with 21 columns where the first 20 columns are independent features (input) and the final 

last columns are dependent features (Target/ outcome variable). The link to the dataset is 

https://www.kaggle.com/iabhishekofficial/mobile-price-classification. 

The existing models just predict the mobile prices by using one or two algorithms but in this 

proposed work trying to implement four (4) different models and compare these three models. 

This proposed work implements the machine learning models such as Logistic Regression, 

Decision Tree, Random Forest, and XGB algorithms. From these models finding the best 

model that is well suited and the model which trained our data perfectly without any loss in the 

data. In general, accuracies play an important role in machine learning, based on the accuracies 

that are obtained will decide how the developed model is well suitable for predicting the 

outcome. Apart from accuracies the model also generates the confusion matrix and 

classification report which is used for predicting the actual/ original values along with the 

predicted values. By using this the prediction can be easily analysed. The project flow of the 

project is given in Fig. 1.1. Firstly, the data processing is considered that data was loaded for 

the drive. The files are loaded using pandas and the visuals are made on the label of the dataset 

that gives an idea on the data is balanced or not. It is found that the data is balanced and used. 

The correlation graph is also plotted. The emphasis is made on the features of the radar 

seducing to correlation plot after that some of the Other plots are shown. After the visualisation, 

the data set was divided into independent and dependent variables and these four models were 

implemented these models were first compared with the accuracy and it was found that the 

random forest and decision tree, as well as the boost, provide zero precision values hence to 

enhance this feature selection method which is information gain method is applied and some 

of the features are cut down on the data is also considered for standardisation before applying 

machine learning models then the comparison graphs are plotted for Accuracy, Precision, and 

recall finally the conclusions are made and the recommendations are provided.  
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Figure 1.1 Project Flow Diagram 

1.4 Purpose of study  

Machine learning algorithms are capable of providing technical solutions to problems in every 

field.  However, in the study, the problem statement is based on the classification of prices of 

mobiles based on the features and data collected from open-source websites like Kaggle.  

However, it is found that products are to be analysed for better market and business, companies 

involved in machine learning techniques like Amazon use machine learning techniques like 

Logistic regression to provide product reviews and recommendations. Hence, the purpose of 

this study is to implement the machine learning techniques and also understand the different 

types of machine learning techniques here in the study Four types of machine learning 

techniques are compared, out of which two of the machine learning techniques belong to the 

ensemble type of techniques and one machine learning technique is a single classifier type of 

algorithm.  These comparisons are made based on the accuracy of models after the model is 

implemented based on the data set selected here in the present study.  However, to bring the 
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Novelty to the study, the author has implemented some of the enhancement techniques after 

analysing the accuracy and Precision and found their overfitting issues. Hence the purpose of 

the study is also to show that feature selection methods can help prevent overfitting issues when 

the data set is not experiencing any balancing issues. 

1.5 Organisation of the thesis 

The overall process is divided into chapters and the chapters are divided into different sections 

and subsections.  The overall chapters are simple and the first chapter is the introduction to 

the thesis which provides information like the aim and objectives of the study along with the 

purpose of the study and also about the methodology to be implemented in the study with a 

better-quality project flow diagram.  Chapter 2 which is the literature review of the chapter 

provides the comparisons of the author's point of view on the different studies conducted online 

in the same context and the other contacts which can be related to the study.  Finally, based on 

the conclusions from the chapter a better methodology is described in chapter three where 

different types of methods implemented here are discussed about their working and the author’s 

examples are added in this chapter to better explain the working of these methods and 

algorithms used in the study.  The chapter also consists of the justification the author has made 

on the implementation and selection of these machine learning algorithms which will provide 

a better view of the thesis.  Finally, in chapter 4 results are discussed along with the various 

features which are developed as an output from the code implemented and finally in chapter 

5 the conclusions are made along with the recommendations provided by the author to conclude 

that overall, the references are noted at the end in the Harvard style. 
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2 Literature Review 

2.1 Overview 

A lot of research is carried out on the proposed work for getting insights into the dataset and 

the different machine learning algorithms. Before directly working on this project analyse the 

model building and the results accuracy part that are obtained for each model. Now comparing 

the different authors’ aim for undertaking this work and the methods that are implemented for 

obtaining the better results in predicting the prices of the mobile phones are detailly discussed 

below.  

2.2 Recent studies in the work 

The author Asim and Khan, (2018),  has considered a real-time data set from a website by 

scraping it and applied feature selection methods as the present work has done but in the present 

study information gain type of feature selection method is used the results are compared based 

on the accuracy is but, in the present, work the results were compared based on other 

performance metrics which will determine the reliability of the machine learning model when 

applied in real-time with is Precision and recall.  however, the overall accuracy of the models 

which were implemented, that is decision tree and Naive Bayes after the feature selection and 

dimensionality and enhancement techniques were applied where was recorded as 71.4%. And 

coming to the naive Bayes classifier after the information gain type of feature selection method 

was applied by the author it was found to be 60.7 percent. However, it can be said when the 

work is compared with that of the present work here in this work four algorithms were applied 

which are logistic regression, Decision tree, XG boost and random forest out of which Logistic 

regression has shown higher accuracy is which accounts 95 And 96%. However, after the 

feature selection method has applied the accuracy and precision as well as recall were according 

to be improved. The methodology discussed by the author was about feature reduction and 

dimensionality reduction as well. The work is concluded by discussing the comparisons 

obtained from the results from the feature selection methods and algorithms and also 

emphasises utilising the machine learning techniques to predict the cost not only in the 

technological field but also in the field of automobiles.  

The goal of the project conducted by Chandrashekhara et al. (2019), was to utilise machine 

learning techniques such that the product can be completed in the market based on these 

methods which are new when compared to the traditional methods of detecting the price and 

predicting.  The authors have utilised support vector regression analysis and have proved 

through the experiment that it is a reliable machine learning algorithm which can provide a 
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solution to predict the price of Smartphones when compared to that of the other models. The 

author has utilised three machine learning models which were support vector regression, 

backpropagation neural network as well as a Linear Regression model these results from the 

model were compared based on its efficiency however the data used by the author was based 

on the recordings from 2018 and compared to that of this present study the authors have also 

utilise 20% of data for testing.  The inputs from the data used by the author have shown that 

they have used different types of brands of mobile and their pricing ranges however in this 

present study brands of the mobiles are not mentioned but the specifications of the mobile are 

used.  
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Table 2.1 Comparison and discussions on the related work considered here 

Author Aim Methods Result 

Asim and Khan, 

2018 

To predict /classify the 

prices of mobile 

phones and real-time 

data set from a website 

by scraping it and 

applying feature 

selection methods 

Decision Tree and 

Naïve Bayes with 

information gain type 

of feature selection 

method 

Here in the study, the author has evaluated two of the classifiers 

which are the Decision tree and the Naïve Bayes classifier. The total 

accuracy of the models that were built, namely decision tree and 

Naive Bayes after feature selection, dimensionality, and improvement 

approaches, was 71.4 percent. In terms of the naive Bayes classifier, 

it was discovered to be 60.7 percent after the author used the 

information gain kind of feature selection approach. However, here 

Information gain technique is used and the highest recorded accuracy 

is 95% 

Chandrashekhara 

et al. 2019 

To predict the 

smartphone prices in 

the retail industry using 

ML techniques and to 

employ machine 

learning approaches so 

that the product may be 

finished in the market 

based on these novel 

Support Vector 

Regression Model 

The author employed three machine learning models: support vector 

regression, backpropagation neural network, and linear regression. 

The outcomes of the models were evaluated based on their efficiency, 

however, the data used was dated 2018. However, after comparing 

the accuracy based on the dataset from Kaggle, it was discovered that 

the model was overfitting, and the Precision and recall values of the 

model random forest and exhibition displayed zero values, which 

were subsequently adjusted by using feature selection methods. 
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methods of detecting 

and forecasting pricing. 

 

To develop an ML 

model that predicts the 

mobile prices based on 

the features. 

Random Forest, 

Logistic Regression, 

and SVM Subhiksha 

et al. 2020 

The authors discuss the price category characteristic in the data set 

with four particular values, which were also included in the study 

conducted here, namely zero indicates a low cost, one represents a 

medium cost, two as a high cost, and three as a very high cost. 

However, the study's staining accuracy was only 81 percent, and the 

criteria used to assess the model were only accurate, but when 

compared to the current study, the logistic regression had the greatest 

accuracy of 95 percent. 

Çetın, and Koç, 

2021 

This project aims to 

predict and classify the 

mobile prices using 

ML techniques 

Random Forest, 

Logistic Regression, 

Decision tree and 

SVM 

In this work, the researcher used the four ML algorithms and tried to 

predict the process of smartphones based on feature selection. The 

models LR, and RF provided an accuracy of 80% compared to other 

models. This study employs feature selection methods for parameter 

optimization, and they have also examined several forms of 

classification algorithms, as exhibited in the current study. when 

compared to the current study, the logistic regression had the greatest 

accuracy of 95 percent. 



13 

 

However in the present study after getting the comparison of the accuracy is it was found that 

the model was overfitting and the Precision and recall values of the model random forest and 

exhibition shows zero values which were then corrected by utilising feature selection methods 

based on information gain and some of the features were cut down with zero information gain 

and utilising these feature selection methods it was directly seen from the comparison graphs 

that the Precision recall values of the algorithms utilise the here have improved as well as the 

accuracy of the model has also been improved. Compared to that of the study carried out by 

Chandrashekhara et al. (2019), there were no applied feature selection methods that considered 

all of the features but the five different brands of mobiles were considered.  and the conclusions 

made by the author are that support vector regression performs well when compared to that of 

the linear regression as well as backpropagation neural network and they have decided to use 

big data in order to provide scalability.  

The study conducted by Subhiksha et al. (2020), shows that they have made an attempt to 

cross-validate the data set based on the price to solve the prediction abilities based on the 

different features which look very similar to the features present in the study carried out 

here.  The authors have considered a random forest, support vector machine and Logistic 

regression to be primarily used to integrate this prediction model in real-time.  From the results 

obtained by the other, it shows that the support vector machine and Logistic regression have 

shown better accuracy which was 81%. Compared to that of the study carried out over here 

there were four models considered out of which Logistic regression has recorded the highest 

accuracy of 95%.  But when compared to the study conducted by Subhiksha et al. (2020), it 

shows that the Logistic regression has an accuracy of 81%.  It can be concluded that the data 

set used in the present study is more efficient than the data set used by the author because there 

were no enhancement techniques considered to the data set other than standardisation while the 

data set was split for training and however accounts and higher accuracy than that of the other 

which was 96%.  

The data set used by Subhiksha et al. (2020), was also downloaded from Kaggle and the 

parameters were described by the author as well which shows the similar features used in the 

present study. The author has described the price range feature in the data set with four discrete 

values which were also present in the study carried out over here which was zero represents a 

low cost, one represents medium cost, two as high cost and 3 as very high cost. However, the 

accuracy of stained by the study was only 81 % and the metrics used to evaluate the model 

were only accuracy but when compared to that of the present study were here along with 
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accuracy other evaluation factors of a machine learning model to be reliable and be 

implemented in the real-time where precision-recall which were also discussed and improved 

after applying feature selection methods.   

A similar study was found by Çetın, and Koç, (2021), and this study utilises the feature 

selection methods for parameter optimization they have also compared different types of 

classification algorithms which is also seen in the present study. The author emphasises the 

importance of machine learning techniques and their enhancement in the field of Technology, 

finance, and medicine as well and they have an approach to finding the right algorithms and by 

applying pre-processing techniques feature selection techniques such that they can be utilised 

in the real-time. However, the authors have also utilised the data set from Kaggle and different 

algorithms like random forest Logistic regression, decision tree, linear discriminant model, k-

nearest neighbour and support vector classifier were used and compared. The parameter tuning 

technique was also seen in the study and the comparison was based on the accuracy of the 

model and feature selection methods using ANOVA f-test was considered over here finally the 

other emphasises that super vector classifiers have performed well on the basis of accuracy 

when compared to that of other models.  However, in the present study when compared to the 

study conducted by Çetın, and Koç, (2021), the feature selection method used was the 

information gain method and apart from that Logistic regression was found here with the 

highest accuracy. 

They were some of the studies which utilise artificial neural networks to predict the prices of 

mobile out of which the author Nasser et al. (2019), have proposed artificial neural networks 

(ANN) such that it predicts the price of the mobile utilising the similar features used in the 

present study. The author has considered the data set and out of which 30% was used for 

validation and 70% was used for training However in the present study 20% of the data were 

considered for testing. The author has also mentioned the price ranges in the output dependent 

variable which is also mentioned in the present study hence it can be concluded that the data 

set used by the author is very similar to that of the data set present in the work. The author has 

recorded an accuracy of 96. 31% and an error of almost zero. The test results were quite 

amusing and it was seen from the study that artificial neural networks have also been applied 

for the similar data set and for the similar context.  Nasser et al. (2019), have also considered 

feature selection methods based on the feature importance type of method and found that Ram 

battery power height and pixel width mobile wait are the features which are contributing more 

to the model.  However, compared to the results found in the present study Ram was also 
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considered to be the most important feature which is contributing to the mobile price along 

with pixel height and width but some of the features were removed from the data set 

considering the similar method and those features were Bluetooth specification 4G 

specifications memory specifications the number of core processes in the mobile phone as well 

as the talking time the screen height and width were also removed.  Hence a new way of 

applying artificial neural networks to the similar context of the data set and the problem is seen 

over here which can be utilised to extend the work as well as the scope of the study.  

2.3 Conclusions and contributions of the work 

The present study has utilised all the methods and reviews made by different authors and 

considered some of the methods on their own to work on and propose for machine learning 

models which are logistic regression random forest XG boost and decision tree.  some of the 

contributions of this work which will help us analyse and summarise all the things considered 

are given below.  

• They were some of the libraries which were downloaded and imported before 

considering the whole work with a Pandas NumPy and some of the data visualisation 

libraries like mat plot and seaborn.  it was seen that these were the basic libraries when 

you deal with their frames.  However, some of the packages in modules from SKlearn 

Where are also important to consider the model implementation and comparison using 

classification metrics.  

• The work was considered using a virtual notebook called colab which provides a 

backend of python3 and a free 12GB RAM which can virtually be used and was suitable 

for a medium code implementation like this one. Coming to the date after it was 

downloaded from the Kaggle which is an open-source and this data set consists of 

different features which are dependent on the mobile price which can be used for 

predictions they were battery power, Bluetooth, clock speed dual sim, 4G implications 

its memory,  implications the mobile dimensions, number of processes the pixel width 

and height of the camera, the screen size, the RAM specifications, Wi-Fi specifications 

as well as if the mobile is a touch screen or not.  

• Firstly, the data was loaded using Pandas and data visualisation was considered to 

analyse the number of syllables in the price range which was the dependent variable it 

was found that the dependent variable was sampled equally and the data set was 

balanced there were 2000 instances to work on which was considered with no null 

values and 21 columns which were then applied for model implementation.  
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• There were different studies which have utilised feature selection (Çetın, and Koç, 

2021) methods and also studies which have not utilised feature selection methods 

(Subhiksha et al. 2020) but somehow it was found that when the models were 

implemented the highest accuracy was recorded where not even above 90% hence only 

standardisation preprocessing technique was applied in the study and the highest 

accuracy recorded was 95% for Logistic regression however the method used wherein 

relating to words a study conducted by  (Çetın, and Koç, 2021), and it was found that 

the author has utilised ANOVA f-test. However, the accuracy recorded by the study 

was 80%.   

Hence it was decided that the information gain type of feature selection method will be 

applied and some of the features will be deducted and again the models will be implemented 

the models were also compared based on other evaluation metrics like Precision and recall 

such that the reliability of the machine learning model will be discussed and put forth. 

Hence, it was found that before and after applying the Information gain method the model 

accuracies, as well as precision and recall and improved and overall Logistic regression, 

have been recorded with the highest accuracy.  
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3 Methodology 

In this chapter, the various machine learning models that can be implemented on the data has 

discussed. The workings of various models and their mathematical and probabilistic abilities 

of the models are analyzed and scrutinized. The subsections of the chapter are divided into 

sections which discuss the working of each algorithm based on the research articles, and later 

sections contain information regarding the justification of each algorithm. 

3.1 Logistic Regression 

According to (Patel et al. 2021; Cvitić et al. 2021), the Logistic regression, shortened as LR, is 

considered a classification model and not a regression model. This algorithm is a type of 

supervised learning method which is powerful and is specially used only when the target 

variable is categorical.  To predict the categorical independent variable, it utilizes a set of 

independent variables. The output is either of the forms like discrete value or the categorical 

value.  Schober and Vetter (2021), state that the output may be of a form like Yes or No, 0 or 

1, true or false, and so on. Instead of giving the exact values like 0 or 1, it gives probabilistic 

values which may range between 0 and 1.  

The LR is almost similar to that of the linear regression and is usually based on how it is used. 

LR is used especially for solving the problems related to classification and linear regression is 

used for the purpose of solving problems that are related to the regression. However, 

(Abdulhafedh, 2022, and Shouval et al. 2021), explained that in this algorithm sigmoid function 

(“S” shaped) is utilized which is a logistic function that is usually fitted, and helps in 

determining the values like 0 and 1 rather than a regression line that is suitable. The possibility 

of something is given by the logistic function, which helps in obtaining the curve. It is an 

important ML algorithm since it can obtain the probabilities and to categorize the upcoming 

data into datasets like discrete or continuous. LR possesses some of the assumptions, that the 

dependent variable that is categorical in nature is important; and also, the independent variable 

should include multi-collinearity. Uddin et al. (2019), explained that in order to make use of 

this algorithm as a binary classifier, the threshold is necessary to split into separate classes. 

Consider an example in which the probability value is more than 0.50 for an input instance it 

classifies into two classes (independent) like class A and Class B. The most common version 

of logistic regression is known as multinomial LR. Consider the graph that identifies the 

probability of any disease that uses the LR method is shown in Fig 3.1. 
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Figure 3.1Representation of Logistic regression 

Source: Made by the author 

A. Working of Decision Tree  

The decision tree is the algorithm that comes under the supervised learning technique. It is 

suitable for both classification and regression types of problems; but it is mainly used for the 

classification problems (Charbuty and Abdulazeez, 2021; Rakhra et al. 2021). It is a classifier, 

which is in tree structure in which dataset features are provided by internal nodes and the 

decision rules are provided by the branches. Here each of the leaf nodes indicates the result. 

The two nodes in the decision tree are the decision node and the leaf node. The decision nodes 

are used for making decisions and consist of multiple branches; and the leaf nodes indicate the 

output of those decisions and further does not include the branches (Dridi, 2021). Usually, the 

decisions are done based on the features of the dataset provided. A decision tree is a form of 

graphical representation to get the solutions (possible) to a given problem based on the criteria 

provided. It is named a decision tree; since it looks like a tree, it begins with the root node, 

which helps in expanding the further branches and builds a tree. For building the trees, the 

classification and regression tree techniques are employed (McClarren, 2021). A working of it 

is based on: it asks a question and depending on the answer like Yes or No, it tries to divide 

the tree into the subtrees. It can contain both categorical data and numerical data. The working 

procedure of decision tree: To build a tree, start with the root node that includes in the total 

dataset. In the second step, identify the attribute that is best suitable in the dataset by using a 

measure called attribute selection. Then split the root node into the subsets that exhibit possible 
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values for the best attribute, and later the decision tree node is generated that includes the best 

attribute. At last, make new decision trees to work recursively by using dataset subsets and 

continue this until the stage is obtained where it finds difficult to further classify the nodes. 

The final node is called the leaf node. However, Mndawe et al. (2022) explained some of the 

advantages of a decision tree like it is very simple to understand, helpful for solving problems 

based on decisions, and it tries to get possible results for a problem given. The possible 

representation of the decision tree while solving the classification problem in the mobile price 

dataset is shown in Fig. 3.2. 

 

Figure 3.2 Interpretation of working of Decision tree 

However, this method is quite popular to use as helps get more deep structured trees, the more 

advantages are seen in Section 3.2. 

B. Working on XGBoost 

XGBoost is one of the improved distributed Gradient Boosting (GB) libraries specifically 

designed to be more efficient, portable, and is also flexible. According to Leevy et al. (2020), 

the XGBoost algorithm uses the GB framework for implementing the machine learning (ML) 

algorithms. To solve the problems related to data science it uses parallel tree boosting which is 

known by the name gradient boosted decision trees (GBDT), GBM and this method provides 

results in a fast and accurate manner. It is based on weak decision trees. It makes use of the 

regression trees and usually consists of in-built cross-validation (cv). According to Bansal and 

Kaur (2018), the reason behind choosing the XGBoost algorithm is it provides better efficiency, 
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and accuracy results, and also it is feasible. It helps to increase the performance of the model 

and also its speed of execution. Some features considered in the XGBoost algorithm are: The 

overfitting concept can be avoided by balancing the weights learned (final) and is usually 

carried out by regularization. It considers only the functions that are predictive and also simple. 

The second one is the gradient tree boosting, Fafalios et al. (2020) explain this algorithm which 

tracks the additive method as it is very hard to optimize the ensemble tree method (which makes 

use of old approaches for optimizing) when considered for Euclidean space. The third feature 

considered is shrinkage and column subsampling. Kumar et al. (2021) state that the shrinkage 

subsampling is also called the row subsampling and the column subsampling is also known as 

feature subsampling. When compared to the previous techniques the other techniques are also 

present for overcoming the concept of overfitting and are the regularized objective and are the 

shrinkage subsampling and another is feature subsampling. The shrinkage subsampling tries to 

scale up the weights and is further added by some factor which is done after each of the steps 

of the tree boosting. It thereby helps in decreasing the impact of every tree and then for refining 

the model it tries to make space for the new trees. Zong et al. (2021) state that feature 

subsampling is also used in random forest. It speeds up the procedure of computation of the 

algorithm (parallel) and when compared to row subsampling it helps a lot to solve the problem 

of overfitting. The XGB gives calculations of the features that are necessary automatically from 

a predictive trained model dataset. Once the boosting tree is built it gathers features that are 

crucial scores for every attribute. The importance of a feature donates a score that reflects how 

valuable each feature is in building the boosted decision tree inside the model. The XGB helps 

to handle the missing values since it has got an in-built ability which is a plus point (Thakur et 

al. 2021). This feature is done by default.  During the training phase, the branch directions are 

learned because of missing values. Later the XGB will decide as to where missing values have 

to be placed like in the left node or the right node. The purpose of using this decision is to 

reduce the loss. It is to be taken into consideration that the gblinear booster will consider the 

missing values as 0’s (Chen et al. 2019). Hence, it is more flexible and utilizes the impact of 

parallel processing. The XGB method is much faster than that of the gradient boosting method. 

It is used in the present study 

The XGB utilizes the most accurate approximation to find the best tree model. XGB helps to 

reduce a regularized function objective that helps gather the function of rounded loss that is 

generally based on the difference between the target and the predicted output. Also, a penalty 

term for that of model complexity is found. Some of the advantages of using this algorithm are 
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that it has got many hyperparameters that help in tuning and becomes one of the advantages 

when considering the gradient boosting machines. Also has more features like cache 

optimization, distributed computing, and also parallelization (Chen et al. 2021). And the 

disadvantage of using this algorithm is it is very much delicate to the outliers. A dummy 

variable or label encoding is needed to be formed in the XGB model for variables that are 

categorical, before passing them into the model and should be done manually.  

C. Working on Random Forest  

The random forest (RF) is a well-known algorithm and is grounded on the supervised ML 

technique.  It is used in the area of ML and is suitable for solving the problems of the type of 

regression and also classification (Ali et al. 2021). The random forest is associated with 

ensemble learning. In case of the ensemble learning, for solving the problems that are complex; 

multiple classifiers are used which helps in increasing the performance of the model. This 

classifier includes numerous decision trees that rely on the subsets of the datasets. Thereby it 

considers all the results that are got post prediction from each of the trees and at last, the 

outcome is obtained by taking the majority votes (Batool et al. 2021; Tutz, 2021). This inspired 

the authors to consider the algorithm in the present study. More trees help in reaching better 

accuracy and also help to solve the problem of overfitting. However, Patel et al. (2021), explain 

that it is not necessary for the output obtained from a single decision tree to be correct.  If the 

output is obtained from the numerous decision tree through the majority votes concept, then it 

yields the correct output. But if it considers single output obtained from a single decision tree 

it may not provide the correct outcome. Assumptions that are taken into consideration in RF 

are: in the prediction of every tree it should possess a low correlation and the dataset that 

contains feature variables should possess real values in order to get the accurate outcome 

instead of the guessed one. So that, if a large dataset is considered it should also help in reaching 

a high accuracy. However, Shaukat et al. (2020) explain that this algorithm when compared to 

other algorithms needs less training time. The working procedure of the random forest 

algorithm is as follows: At first begin with choosing random samples from the dataset provided. 

Later the algorithm builds a decision tree for each of the samples, later it gets the results 

obtained after the prediction from each of the decision tree. Here voting is done for each and 

every result predicted. And finally based on majority votes the final prediction results are 

obtained. The advantage of this algorithm is it requires less time for training (Jackins et al. 

2021). It balances the level of accuracy even in cases where a large portion of data is not found. 
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3.2 Justifications of the methods used and its contributions to the dataset selected 

The LR is most simple and popular, easy to both understand as well as to interpret (Sur and 

Candès, 2019). Also, they are found to be very efficient to train. LR doesn’t really make 

assumptions on its own regarding classes distribution in a feature space. This method generally 

extends itself into numerous classes. It provides a view of the probabilistic prediction of 

classes. LR method not only offers measures on how exactly a predictor performs but also 

provides the directions for associations that may be positive or negative. This technique is 

widely used and makes faster classifications even to unknown records (Salas-Eljatib et al. 

2018). Good accuracy is obtained from many simple sets of data and also performs well when 

the linearity of the dataset is separable. It is also seen in the present study that the accuracy of 

the model is highest in the present study for the mobile price data. It also can interpret the 

model coefficients as an indicator of importance provided to features. This LR is very less 

inclined to that of overfitting but it also highly overfits to the dimensional dataset that is large 

in number. Therefore, the user may choose the regularization technique in order to avoid 

overfitting. LR involves the construction of linear boundaries. In case the overall number of 

observations is less than that of the total number of features LR should not be utilized in this 

case as it may lead to overfitting (Wei et al. 2021). The major limitation also includes the linear 

assumption’s ability between that of non-dependent as well as dependent variables.it is also 

seen in the implementation and however, it was correct by utilizing the feature selection method 

(information gain method). This LR method can only predict discrete functions. Therefore, the 

variables of LR bond towards the discrete set of data. The linear issues could not be solved 

with that of the LR method as it involves a linear decision-making surface. The data that is 

linearly separable is rarely found.  

Advantages of using the Decision tree: It is simple as well as most easy to understand and 

implement (Patel and Prajapati, 2018). Here the decision tree appears as simple as if-else 

statements which are definitely easy to be known. It carries a clear visualization technique, as 

this algorithm is extremely simple to interpret, visualize as well as to understand as the new 

idea is mainly used on daily basis. The decision tree outcome in a most simple way can be 

interpreted by humans. These decision trees will be useful for both regressions as well as 

classification process. These decision trees could even handle both categorical as well as 

continuous variable lists. There is no need for feature scaling as this feature scaling involves 

both normalizations as well as standardization techniques which are required in the process of 

decision tree making. This also utilizes the approaches that are based on rules irrespective of 
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distance calculation (Al Hamad and Zeki, 2018). These decision trees will easily handle the 

missing data values automatically. Also, these techniques are generally robust to the outliers 

as well as handle them automatically. It also maintains the parameters that are non-linear, most 

efficiently as these non-linear parameters do not generally affect the outcome of the decision 

tree (performance) and are not like those algorithms that are based on curves. Definitely, there 

is huge non-linearity in between both decision tree and independent variables and are 

outperformed when compared with that of other algorithms that are curve-based. The period of 

training is generally less when compared with that of other technique such as a random forest. 

This is because this decision tree generally produces only one tree and is not like the forest of 

trees as seen in the random forest technique. But, involves its nature of overfitting. Overfitting 

is considered as one of the crucial problems of the decision tree. This nature of overfitting in 

the decision tree generally leans towards overfitting of the data as well, which finally leads to 

a false prediction, this decision tree generally keeps creating new notes, and ultimately these 

trees become very much complex for interpretation. By this nature of overfitting, the decision 

tree loses its capabilities of generalization (Priyanka and Kumar, 2020). It also performs very 

well on the data that is strained but starts exhibiting a lot of mistakes on the data that is not 

seen. The decision tree is generally not suitable for a dataset that is large in size. If the dataset 

size is huge, then only a single tree may grow too complex as well as lean towards overfitting, 

in that case, random forests should be used other than a single decision tree. The unstable nature 

of the decision tree involves the addition of new data points and can lead to the regeneration of 

the complete tree as well as all nodes. However, all the models are quite efficient and data 

seems to show no sampling issues. The problem was addressed with the feature selection 

method which is information gain. It was seen that the precision values of prediction models 

were improved.  

Advantages of using the XGB classifier: The XGB has got several hyperparameters that helps 

in tuning which marks the advantage over the gradient boosting machines. And also, it has got 

some in-built skills for handling the missing values. Some of the in-built features include 

distributed computing, parallelization, cache optimization, and so on.  It is more flexible and 

utilizes the impact of parallel processing. The XGB method is much faster than that of the 

gradient boosting method. It also supports the concept of regularization and is designed to have 

control over missing data with all of its inbuilt methods. Using XGB, the user will be able to 

run over the cross-validation method after each and every iteration.  Similar to the other 

methods of boosting the XGB is also very much sensitive to outliers. And for categorical 
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features, manually it does not build dummy variables or label encoding prior to deploying them 

into the models. In XGB classifier is more forced to fix up the errors while predecessor learners. 

It does not work well on the unstructured as well as sparse data. It is very hard to scale upon.  

Advantages of using the random forests: RF method generally depends on the usage of 

ensemble learning as well as the bagging algorithm. This method generates as many trees that 

are needed for sub setting the data and gathers the output of each and every tree. In this manner 

this method helps the reduction of overfitting issues in the decision tree and also it decreases 

the variance and later upgrades the accuracy. RF also has a solution for both regression as well 

as classification issues. This method fits appropriately for both continuous as well as 

categorical data variables. And also handles the missing data automatically. In this method also 

feature scaling is not necessary. The non-linear parameters are also handled much more 

efficiently also with missing values. RF automatically handles the robust values of outliers. 

This algorithm is more stable than that of other methods. It involves a longer period of training 

and also the complexity of the algorithm is high. However, based on the dataset used in our 

research, decision trees provide more accuracy when compared to XGB algorithm and other 

algorithms like RF and LR. After decision trees, XGB provides good accuracy compared to RF 

and LR. And LR provides the least accuracy compared to other algorithms used. 
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4 Results and Discussions  

4.1 Overview 

For the research, the data was obtained from the publicly available resource. After loading the 

data, the data frame was checked for null values and after ensuring the data set does not contain 

null values, the author went ahead with the data visualization steps. After understanding the 

data and further step to decide which machine learning algorithms are capable of handling the 

data is made. Upon deciding, the author performed Logistic regression, Decision Trees, 

XGBoost, and Random Forests were performed on the data.   

According to Garcia et al. (2015), for any machine learning task it is essential to include steps 

such as data gathering and preparation, and pre-processing and transformation of the data. From 

this, the author of this work opines that including the essential steps in the machine learning 

task allow the data scientist to discover insights about the data and help attain statistical 

understanding of the data and help tune the machine learning algorithm such that the algorithm 

can provide insights about the data.  

4.2 Dataset Description 

The dataset information can be seen in Fig. 4.5, There are 2000 rows in the data set and 21 

columns in the data set which also includes a column which was excluded, the ID of the mobile 

phone. Hence, the ID of the mobile phone is said to be the unique identifier for the mobile 

phone described in the data set. The other features are the battery power, Teacher describes the 

battery power of the mobile phone in the data set and it can be measured in mAH. There is a 

feature called blue in the data set which represents if the mobile phone consists of Bluetooth 

or not.  There is a feature named clock speed which determines the speed of the microprocessor 

and its different execution times. The dual sim feature of the data set shows if the mobile phone 

consists of a dual sim or not m of some mobiles is provided with dual Sims but mobiles with 

5G applications are very few which provide a dual sim.  However, in the present dataset, there 

is no mobile phone with the specification called 5G but there are specifications in the data set 

which describe the mobile phone as 4G or 3G. The camera specifications of the data set is 

described under the feature name FC which is referred to as the front camera there is a feature 

called PC which is referred to as the primary camera.  the pixel height and width resolutions of 

the mobile phone are also described as a feature in the data set the RAM applications are also 

specified in the data set in the form of MB (megabytes), and The screen height and width are 

also specified in the data set for the mobile in the centre the mobile phone feature is also 

described based on the touchscreen specifications and also Wi-Fi availability. 
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It cannot be denied that every machine learning algorithm and associated task is unique to the 

data. And it is the responsibility of the data scientist or the analyst to gather enough data before 

performing the analysis to ensure that the data does not contain any biases since those biases 

in the data will automatically reflect in the algorithmic bias. For the research purpose, the 

author used the following programming language, IDE, and other libraries. 

• Python programming language, IDE Google Collaboratory (free to use). 

• For the data loading and understanding, cleaning libraries such as Pandas and NumPy 

were imported. 

• For performing data visualisations, libraries such as Seaborn, and matplotlib were 

imported. 

• For performing data transformations, libraries such as sci-kit-learn were used. 

• A free GPU (via Google Collaboratory) from Google. 

• A Google account for accessing Google Collaboratory. 

4.3 Importing the Required Libraries 

Initially, the libraries that are required for performing any machine learning task are imported. 

The libraries such as pandas, NumPy, seaborn, and sklearn are imported initially. The panda’s 

library is a free open-source Python package that is built upon another library NumPy. The 

pandas are flexible and are used as a data manipulation tool. Using the panda’s library, tasks 

associated with machine learning such as data loading, data cleaning, data normalization, data 

filling, data merging and concatenation, and statistical analysis could be made. The library 

NumPy is a python package that could be used for performing a wide variety of mathematical 

operations on Python. This package contains mathematical functions random number 

generators and much more which are extremely useful for the machine learning tasks. The 

libraries that were imported initially are shown in Fig. 4.1 

 

Figure 4.1 Loading the initial libraries 
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4.4 Data Loading 

The data is loaded into the data frame with the help of the panda’s library. Initially, the Google 

drive is mounted with the Google Collaboratory such that the data contained in the Google 

drive could be accessed. The “train_path” is given the URL to the data, and the dataset is loaded 

into the data frame “train_data” using the PD.read_csv. The panda’s library provides the 

.read_csv ( ) which enables to reading the data contained in the comma-separated values (CSV) 

file into the pandas DataFrame. This read_csv provides the user with multiple parameters 

which could be manipulated according to the need of the user. However, the author in this 

work, used the default parameters when loading the CSV file into the DataFrame as shown in 

Fig. 4.2. It has been observed that the training dataset contains 2000 rows and 21 columns. 

 

Figure 4.2 Loading the training data into the data frame using pandas 

Similarly, the testing data contained in the CSV format is loaded into the DataFrame 

“test_data” using the read_csv ( ). From the testing data, it has been observed that the testing 

data contains 1000 rows with 21 columns. The python code to load and display the test data is 

shown in Fig. 4.3  

 

Figure 4.3 Checking the total number of Records and the list of labels in the dataset 

It was observed that test data contains another column “id” which is not present in the 

training dataset. Therefore, the author used the “. drop()” method to remove the unnecessary 

columns. The column is dropped from the data by setting the axis = 1, here “1” indicates the 
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columns in the data frame. The test data after removing the column “id” is again stored in 

another data frame “test”.  The drop ( ) method that was used on the data frame is shown in 

Fig. 4.4. 

 

Figure 4.4 Dropping the column “id” from the test dataset 

The information regarding the train Data Frame is obtained using the .info () method provided 

by the Pandas library. The info() is used to obtain information regarding the data frame. The 

information when obtained using the .info () method contains the column labels, column data 

types, the number of columns, the data types of each column, range index which indicates the 

number of entries in the data frame., and the number of null values present in each column. 

After applying the .info () method to the train data it has been observed that there are no null 

values in the training data frame. However, it is to be noted that the info ( ) method contains 

parameters such as “verbose” which takes a Boolean value used to indicate whether to print all 

the information or not, and “but” which outputs to buffer which is useful when writing the 

content to files. “max_cols” which takes integer values as the input and can be used to specify 

the number of columns the user wants the information from. “memory_usage” that specifies 

whether to print memory usage or not and finally “show_counts” which is used to specify 

whether to print the non-null values or not. The author of the project did not specify any specific 

parameter value and used it the default values of the parameter. The information obtained about 

the data frame is shown in Fig. 4.5. 
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Figure 4.5 Checking the total number of Records and the list of labels in the dataset 

In any machine learning task, it is essential to ensure that the data frame on which the algorithm 

is trained does not contain null values. The panda’s library offers different methods to check 

for the null values in the data frame. However, the author of this project used the “data frame. 

IsNull( ).sum( )” method to check for the sum of the null values in each column of the data 

frame. If the data frame contains null values then the approach will be to use the “data 

frame.dropna( )” method which drops the corresponding row from the data frame. However, it 

was observed that the data frame contains no null values. The python code used to extract the 

number of null values in the data frame is shown in Fig. 4.6. 
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Figure 4.6 Checking the number of null values in the data frame 

4.5 Data Visuals 

In this project, for data visualization, the author used the Matplotlib and Seaborn libraries 

which were specifically used to create the visualisation of the data. The bar chart was created 

using the sns. countplot ( ), this method is used to show the number of observations of each 

categorical value in a column of the data frame. The count plot( ) method was implemented on 

the data as shown in Fig. 4.7. was prepared by setting the “price_range” column of the data 

frame. It is observed from the bar chart that there are four different classes in the target column, 

and the number of each class in the column is balanced. 
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Figure 4.7 Checking the total number of each categorical value in the target 

The correlation between the columns of the data frame is obtained using the correlation feature 

map. The correlation is an important statistic which is used to identify how two columns are 

correlated with each other. If there is a positive correlation between the columns the values 

tend to go in the same direction, that is, the value of the column tends to increase when the 

value of the other also increases. If there is a negative correlation between the values, then the 

values in one column tend to decrease with an increase in the other column. This correlation 

gives information about the relationship between the variables. The heatmap is obtained using 

the Seaborn library, it is a plot of the rectangular colour-encoded matrix as seen in Fig. 4.8. 

This is one of the easiest ways to visualize the correlation within the data. From the correlation 

heatmap, it can be said that most of the columns are not strongly correlated with each other. 

Therefore, the author opines that there is no need to drop any column because of correlation. 
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Figure 4.8 Heatmap of the correlation in the train data 

The scatterplot is used to determine if the two columns of the data have a relationship. The 

scatterplot shown in Fig. 4.9 was obtained by using the scatterplot in the seaborn library. The 

scatterplot thus obtained contains values of the price range column in comparison with the 

“FC” column of the data frame. This shows the numbers in comparison. 
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Figure 4.9 Scatterplot between the price range and FC columns in the dataset 

The value counts of each column are used to depict the number of each specific value in the 

column of the data frame. The value counts are obtained using the “data frame.value_counts()”. 

The value counts of the dataset are shown in the Fig. 4.10. 

 

Figure 4.10 Checking value counts in the dataset 

Using the below block of code as shown in the Fig. 4.11 the count plot of five different columns 

is obtained using the seaborn library. Column such as “blue”, “dual_sim”, “four_g”, “three_g”, 

“touch_screen”, “wifi”, and “int_memory” was used and the count plot was obtained.  
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Figure 4.11 Checking the total number of Records and the list of labels in the dataset 

The distplot is used to depict the variation in the data. The distribution plot is used to show the 

overall distribution of the continuous data variables. In Fig. 4.12, the distplot of the price range 

of the data is obtained.  It is observed that labels 1 and 2 are normally distributed and the labels 

0 and 3 are skewed toward the left and right respectively. 

 

Figure 4.12.Distplot of the classes in the target column in the dataset 

The boxplot is used to display the distribution of the data based on the summary of the 

minimum, maximum, first quartile, second quartile, and third quartile. This is used to identify 

the outliers in the data. The boxplot of the data is shown in Fig. 4.13. 
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Figure 4.13 Boxplot of the columns of the dataset 

4.6 Feature Engineering 

The train data frame contains 21 columns and 2000 rows and the test data frame contains 20 

columns and 1000 rows are combined using the PD. concat ( ), and the resultant data frame is 

stored in the data frame “df”. The process of concatenation and the resultant data frame is 

shown in Fig. 4.14.  

 

Figure 4.14 Concatenating the training and testing datasets 

After concatenating, the data for the x and y before the train test split is made using the train 

and test data. The x data is created by dropping the “price range” column in the data. And the 

data is created by adding on the “price range” column which was dropped in the x data. After 

which the train test split is performed on the data, so that model could be trained in the training 

data and tested on the testing data. The data after creating the X and y are shown in Fig. 4.15 

and 4.16. 
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Figure 4.15 Checking the total number of Records and the list of labels in the dataset 

 

Figure 4.16 Checking the total number of Records and the list of labels in the dataset 

4.7 Logistic Regression 

The logistic regression is run on the multiclass target column of the data. The results obtained 

on the testing data are shown in Fig 4.17, using the classification report. It is observed that the 

precision score of all the classes is above 90% which shows that the model is performing with 

decent accuracy. 

 

Figure 4.17 Checking the total number of Records and the list of labels in the dataset 

The confusion matrix is also another way to depict the classifications and misclassifications of 

the model. From Fig. 4.18, it has been observed that the model can predict with decent accuracy 

and lesser misclassifications. 
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Figure 4.18 Checking the total number of Records and the list of labels in the dataset 

The confusion matrix is plotted using the matplotlib library. And the resultant confusion matrix 

plot is shown in Fig. 4.19 

 

Figure 4.19 Confusion matrix of the Logistic regression model 

The classification evaluations can also be conducted using confusion matrices, where these 

matrices are provided with some of the values along their diagonal sites which shows the 

number of labels which were presented to be positive by the model.  as there are Four classes 

in the output label The Matrix has 4 rows and 4 columns.  However, when Logistic regression 

was applied 148 labels were predicted to be positive in the zero-price range 124 labels where 

predicted to be in one price range and 142 labels where predicted to be mobiles with high price 

range and lastly 162 labels were predicted by the model to be in a very high price range (Fig. 

4.19).  However, from the matrix it can be found that three labels were wrongly predicted by 

the model as they belong to a good price range which was 1 but actually belongs to 0.  however, 
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there were zero values predicted by the model such that the price range was 0 and predicted to 

be 2. 

4.8 Decision Tree 

The decision trees model is implemented on the training data and tested on the testing data. 

From the results of the decision trees, as shown in Fig. 4.20, it has been observed that the model 

attained an accuracy of 81% on the testing data. And the precision score of the classes is below 

90% which shows that model is not performing well.  

 

Figure 4.20Checking the total number of Records and the list of labels in the dataset 

The Confusion matrix to show the classifications and misclassifications of the data is shown 

in Fig 4.21 and Fig. 22. From the figure, it is observed that the model misclassified some 

classes.  

 

Figure 4.21 Confusion matrix of the Decision trees 
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Figure 4.22 Confusion matrix plot of the Decision trees 

However the evaluations from the confusion matrix 1 decision tree was applied can be seen 

that only  138 labels where predicted to be e0 when the input was zero which is quite lower 

than when the values were seen in the Logistic regression however were not ate values were 

predicted to be one when the input was One price range and 111 values were predicted to be in 

the second price range when the input was to and 144 labels were predicted to be in the third 

price range when the input was third as seen in Fig. 4.23.  However, it can be seen that there 

are 13 values which were wrongly predicted by the model when the input was 1 as 0 and 21 

labels were predicted to be one when the input was 2.  Hence it can be evaluated from the 

confusion Matrix that the decision tree was providing us with an accuracy of 83% in the testing 

set. There are so many false positive and false negative errors made by the model. 

4.9 XGB (Gradient Descent Boosting Algorithm) 

The author after implementing XGB classifier on the data was able to attain an accuracy of 

91% on the y_test data. The results obtained for the XGB classifier are shown in Fig. 4.23. 
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Figure 4.23 Checking the total number of Records and the list of labels in the dataset 

The confusion matrix and the plot of the XGB classifier are shown in Fig. 4.24 and 4.25 

respectively. 

 

Figure 4.24 Confusion matrix of the XGB classifier 

 

Figure 4.25 Confusion matrix plot of the XGB classifier 
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When the XG booster model was implemented 146 labels were found to be predicted as true 

in this price range 117 labels were predicted to be true in the 1 price range and 127 labels were 

predicted as true in the second price range and at last in the 3rd price range 115 values were 

predicted to be true. however, the values from the confusion Matrix are very less and cannot 

be considered; however Logistic regression has better prediction values based on the confusion 

matrix.  Hence there were twelve labours which were predicted to be three but the input was 

two and 10 labels were predicted as two when the input was one and similarly 12 labels were 

predicted as one when the input was two as seen in Fig. 4.26.  

4.10 Random Forest 

The author performed a Random Forest classifier on the dataset. And the python code of the 

implementation of the random forest is shown in Fig. 4.26. The random forest model is loaded 

into RFC and the training on the training data. And the model once trained is tested on the 

testing data.  

 

Figure 4.26 Random Forest classifier on the dataset 

After implementing the Random Forest classifier, the author was able to attain an accuracy of 

86% on the testing data. The results of the testing data are shown in Fig. 4.27  
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Figure 4.27 Classification report of Random Forest classifier on the testing data 

The confusion matrix and the confusion matrix plot of the random forest classifier are shown 

in Fig. 4.28 and 4.29 respectively. 

 

Figure 4.28 Confusion matrix of the Random Forest classifier 

 

Figure 4.29 Confusion matrix plot of the Random Forest classifier 

In the random forest model 143 labels were predicted as true in the zero-price range 113 labels 

were predicted as true in the first price range and 111 labels were predicted as true in the second 

price range and 149 labels were predicted as true in the third price range.  When this model 
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was implemented most of the true labels were seen in the third price range and there were no 

negative predictions of false positive rates or false negative rates when the price ranges were 

second and third.  

4.11 Comparison of the Models 

The author performed four different machine learning models on the data. The final comparison 

of the results of the models is depicted in Fig. 4.27. From the figure, it can be concluded that 

the logistic regression model can classify the data with greater accuracy when compared with 

other classification models.  

 

Figure 4.27 Comparison of the model accuracies of the testing data 

The testing accuracies of the model are compared in Fig. 4.27, Generally, the accuracy is used 

to define the model’s ability in most of the works.  Hence here in the study, the accuracy of 4 

of these models is generated into a graph and it can be seen that out of all these algorithms 

Logistic regression has shown an accuracy of 96% and the least accuracy is shown by a decision 

tree. The metrics accuracy helps us to make assumptions on how much per cent of the model 

can convert the samples and predict them to be correct, which is to be chosen as the priority 

when trying to evaluate a model.    

It can be seen that out of all these models, Decision tree is recorded at 85% and random forest 

is recorded at 86% however XGB model which is the enhanced version of decision tree model 

is recorded at 90%. However, it can be considered that Logistic regression is performing well 
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on the data set because the fact that our dataset is not imbalanced but not also balanced however 

accuracy can be considered as a measure to evaluate the machine learning models only when 

the data set is balanced such that it can be helpful to distinguish between the labels and their 

correct predictions.  

 

Figure 4.27 Comparison of the model precision  

However, when the Precision is calculated both the positive and negative samples of the labels 

in the data set are considered; however, the recall is modified and calculated only based on the 

positive samples coming into the negative samples they are neglected while calculating the 

recall.  There are two scenarios to be considered when the classification models of machine 

learning have a constant that is either high value of recall and low values of Precision and vice 

versa.  low Precision high recall occurs when the model is predicting positive labels and 

performing less on the negative labels similarly if the model is performing and providing better 

classification results only on few of the labels which are positive then the accuracy of the model 

increases and precision is also higher but coming to recall it's always low and it is always 

dependent on the independent samples. Hence, best metrics to prove the correct positive label 

classified by the prediction model is precision.  
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Figure 4.30 comparison of model based on recall values 

Hence by incorporating all the information discussed above looking at the figure 4.27 it can  it 

be seen that Logistic regression is providing us with higher Precision value and is prominent 

into predicting the positive levels in the data set but whereas the decision tree model is said to 

be performing less towards detecting the price ranges values when compared to that of extra 

be it is higher and at 90% however the Random forest model is recording 85.9 percent of the 

ability to classify the positive labels.  how we were looking at the figure 4.30 it can be 

incorporated That the Logistic regression model provides 95.98% of the ability True sample of 

the negative labels in the model. However, if considered, about the labels in the data set there 

are different classes in the dependent variable of a data set which is the price range from 0 to 

5.  It can be said that these precision-recall values are the weighted values of all of these classes 

in the label. However over here the values are considered from the classification report based 

on the weighted average because while calculating the weighted average Precision or recall as 

it considers all the classes in the labels and as there are so many classes in a label, we consider 

the weighted average calculation metric.  

4.12 Feature importance incorporation with the dataset 

Python is packed with so many of the high-end packages which can be used for machine 

learning and its techniques and it is shown in this study that these packages are utilised 

efficiently to bring out the results and conclusions to match the aim and objectives of the study.  

Coming to the data set of this moral it has around 21 columns where each of these columns 
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correspond to the price range but there are also some of the columns which statistically do not 

make sense with the dependent variable and can disrupt the model’s accuracy and precision. 

However, when we consider big data with so many of the features to deal with there are some 

methods on how to incorporate appropriate features which are making a high impact on the 

dependent variable and utilise only those features to gain maximum out of the accuracy 

Precision and other metrics of the model implemented for prediction.  Out of these techniques 

there is one technique which is known as feature importance where it provides a score or a 

value for each of the features in accordance with the dependent variable which tells through a 

graph if it should be considered while implementing a model or not. The importance is what 

defines the score of the variables with the dependent variable; however, the higher the score 

the better the importance of that feature depending on the output label.  When these kinds of 

techniques are incorporated with the model implementation it can make a huge impact towards 

their classification evaluation results. However, when model building is a part of the study the 

overall understanding of the data becomes another part of the study which is very important 

hence this feature technique for feature importance technique is helping us to understand the 

data, we have selected based on the feature importance and the dependencies with the output 

label considered.  

One of the best things happens when this kind of techniques are applied is that it improves the 

modern classification Matrix such that some of the features which do not make sense or do not 

have higher importance towards the dependent variable are reduced such that it concentrates 

on the labels to be predicted. However, when these scores are provided from this feature 

importance implementation this score can be used to   define a value on which the relation 

between the variables can be defined or their uh dependency on the output variable is defined. 

Gini importance is what is responsible for the scores of these individual features as seen in the 

figure 4.31.  Gini importance can be defined as the impurity and the combination of the 

importance in such a way that there is a reduction in the weights of the samples. However, the 

maths behind the feature importance value is that the mean square error is calculated for the 

values and the features are   coupled together in such a way that the mean square error of these 

shuffled values is calculated and the differences between these values are said to be the 

impurity and this impurity is shown as a score as seen in the figure 4.31 
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Figure 4.31 IG values of the columns in the dataset 

Overall, the idea behind utilising the feature importance factor in the present study was that in 

the starting it was observed in the data set that there were no in balance issues but however 

when the random forest model and extra boost model was implemented both Precision and 

recall values started acting inefficient and provided a zero value which tells us that the model 

was not performing well and not predicting the positive as well as the negative samples of the 

data set.  however overfitting issues were also seen in the models random forest and XGBoost 

be used to enhance this feature selection methods were adapted however feature importance 

technique was used here as overfitting was occurring and the number of features can be reduced 

using this course provided by feature importance and the number of samples will also be 

decreased such that the model concentrates on the tests is provided and provide us with better 

predictions of positive as well as negative labels. Hence, from the Fig. 4.31, it can be seen that 

Ram of the mobile contributes more towards the price of the mobile rather than WIFI 

specifications, Bluetooth, 4G specifications, microprocessor cores, screen height and width as 

well as the 3G specification. Hence, these features were reduced in the independent variables 

and models were implemented. Through the implementations there was a difference seen in 

accuracy, weighted precision as well as recall of the models.  
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5 Conclusions and discussions 

5.1 Conclusions 

This work is intended to deliver the realizations of the work carried out in the current field of 

data science and machine learning. The intended objective of the work is discussed, and the 

clear intent of the work is organised in Chapter 1 as well. The machine learning algorithms 

such as the Decision Trees, Random Forest, XGB classifier and Logistic regression. The 

necessary evaluation of the model is discussed in Chapter 4 of the document. In this proposed 

work initially, the dataset is collected from Kaggle and trying to pre-process the data and extract 

the image features of the data.  All these data pre-processing is done by using the python code. 

Here Goggle Colab notebook is used for writing the code and implementing the ML model 

using Python. Then developing a Logistic Regression, Decision tree, SVM, and Random Forest 

models which predicts and classifies the mobile prices. Finally compare the accuracies, loss, 

confusion matrix, and classification report for all the three models. The possible 

recommendations are given here in this section. 

• The various factors affecting the mobile price is discussed to understand the basics of 

the business model of the mobile phone manufacturers. The aim is to initiate the 

necessary discussion about the price identification of the mobile phones and the factors 

affecting the final decision. Hence, it is important to understand the factors which 

influence the price of the mobile phone.  

• The dataset contains four different classes and to classify them mathematically, 

machine learning algorithms such the Logistic regression, Decision trees, Random 

Forest, and XGB classifier were implemented, and the necessary evaluations were 

made. 

• The mobile procedure differs depending on the characteristics. There are several current 

methods created by various authors for forecasting the values of houses and other items, 

but only a few situations are based on predicting the costs of mobile phones. As a result, 

from the machine learning algorithms, a comparison is shown in this study between the 

single classifier, ensemble approaches, and Boosting algorithms. Finally, the 

classification metrics of the Logistic regression, Decision tree, Random Forest, and 

XGboost algorithms are compared. The comparisons are completed by employing 

enhancing strategies such as feature selection and information acquisition. As a result, 

mobile phone pricing and categorization. This proposed study creates machine learning 

models that anticipate and categorise prices. The LR is virtually identical to do in and 
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is frequently used in the same way. LR is used to solve issues connected to 

classification, whereas regression analysis is used to solve problems related. Some of 

the authors have described some of the benefits of a decision tree, such as how it is easy 

to grasp, useful for addressing issues based on decisions, and attempts to find the best 

possible solution to a particular situation. XGBoost is a shared Gradient Boosting (GB) 

library that has been modified being more quick, accessible, and configurable. 

According to multiple publications, the XGBoost algorithm implements machine 

learning (ML) methods using the GB framework. To handle data science challenges, it 

employs parallel tree boosting, also known as gradient boosted decision trees (GBDT), 

GBM, and this approach produces findings in a timely and correct manner. 

• There were various studies that used feature selection methods and studies that did not 

use feature selection methods, but it was discovered that when the models were 

implemented, the highest accuracy recorded was not even above 90 percent, so only 

standardisation pre-processing technique was used in the study and the accuracy rate 

recorded was 95 percent for Logistic regression however, the study's accuracy, on the 

other hand, was 81%. 

 

Figure 5.1 accuracy comparison after feature selection method 
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Figure 5.2 Precision comparison after feature selection method 

 

 

Figure 5.3 Recall comparison after feature selection method 

• Hence, from the accuracy scores it can be concluded that the logistic regression model 

seems to be classified with greater accuracy when compared with other classification 

models with greater computational speed. Finally, the processing speed based on the 

GPU can be seen while running the code. As a result, it was finally agreed that the 
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information gain type of feature selection method would be used, and some of the 

features would be deducted before the models were implemented again. The models 

were indeed compared based on other evaluation metrics such as Precision and recall, 

so that the machine learning model's reliability could be discussed and proposed. As a 

result, it was discovered that the modelling accuracies, as well as precision and recall, 

and enhanced and overall Logistic regression, were recorded with the maximum 

accuracy during both applying the Information gain approach. 

• This Regression Analysis (LR) is less prone to overfitting, but it also overfits to big 

dimensional datasets. As a result, the users may choose for the regularisation strategy 

to avoid overfitting. LR entails the creation of linear boundaries. If the calculated 

sample size is fewer than the entire number of features, LR should not be used since it 

may result in overfitting. 

• The comparison of the models, before the feature selection method is applied can be 

seen in Fig. 27, 28, 29 and Fig. 30. However, the conclusions are made after the feature 

selection methods are applied and can be seen in Fig. 5.1, 5.2 and 5.3. 

• It can be seen that after the feature importance method was applied the accuracy of the 

Logistic regression was increased from 96 % to 96.37% Meanwhile the random forest 

has shown and increasing accuracy towards 88.33% and the decision tree has also been 

improved with 0.33% as well as the exhibit model have also seen the increase in 

accuracy as seen in Fig. 5.1.  Hence it can be told that the feature importance method 

has reduced the overfitting issue and has provided improvements in both accuracy 

which can be used to validate the model performance. 

• When compared to that of the other authors.  Meanwhile coming to the model 

reliability, it is also seen improved that the procession value of Logistic regression was 

increased by 1% along with random forest with an increase of 3% in the Precision value 

and decision tree have accounted a weighted precision increase with 3% as well as the 

exhibit model have shown 1% increase in the weighted Precision when feature 

importance method was applied as seen in Fig. 5.2.   

• Hence in every sense and every metrics feature importance have improved the accuracy 

and Precision of these models, however Logistic regression is providing highest 

accuracy as well as procession which can be defined as a reliable method to be applied 

in real time. Finally, the conclusions can be made on the weighted recall values are 

counted after applying the feature importance where that it has been increased by 1% 
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for Logistic regression by 3% for random forest and decision tree as well as 1% for the 

XGB model (Fig. 5.3) which is also good sign and these results are better when 

compared to that of other studies in the context of mobile price prediction. 
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