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Abstract— A highly important part of information-gathering 

behaviour is to find out what others (may be customers) think 

of the product or newly developed feature added to the 

product. The sudden eruption of activity in the area of opinion 

mining and sentiment analysis, which deals with the 

computational treatment of opinion, sentiment, and 

subjectivity in text. Due to the factors mentioned in the above 

statement, it has occurred that at least in part as a direct 

response to the hike of interest in systems and processes that 

deal directly with point of views as a first-class object. The 

focus is on methods that will address the challenges raised by 

sentiment aware applications, as compared to those that are 

already present in more traditional fact-based analysis. As we 

are well aware of the fact that popularity and availability is 

growing for opinion-rich resources such as online review 

sites and personal blogs, new opportunities and challenges 

arise as public now can and in fact does use actively 

information technologies to seek out and understand the 

opinions of others. 
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I. INTRODUCTION 

Apple Computers, Inc. was founded on April 1, 1976, by 

college dropouts Steve Jobs and Steve Wozniak, who brought 

to the new company a vision of changing the way public 

viewed computers. They wanted a computer that was user-

friendly. Jobs and Wozniak wanted to make personal 

computers small so that people can have them in their offices 

or homes. 

According to Tim Cook, Apple Inc. CEO, iPhone 

impacts the world in a significant manner every day. It is the 

biggest leap forward since the original iPhone. Pronunciation 

for this phone is not iPhone X-it is the iPhone 10. The screen 

takes up the whole of the phone’s front panel. It’s water and 

dust resistant, and available in space grey and silver. It’s 

made from surgical-grade stainless steel, with glass on the 

rear panel. Though it is unclear why no other company made 

the iPhone X before Apple. The OLED display — the first in 

an iPhone — is called the Super Retina Display and measures 

5.8 inches, with a resolution of 2,436 × 1,125 pixels. It will 

be available in either 64GB or 256GB configurations. The 

good news is that Apple will sell the iPhone X in 55 countries 

around the world.  

II. OBJECTIVE 

The major objective of this paper is to find the most frequent 

occurring words which creates negative impact on the new 

iPhoneX using various statistical models. 

III. METHODOLOGY 

The methodology of this paper depends on one of the three 

types of Machine learning. They are listed as follows: 

1) Supervised learning: Supervised learning is when you 

are training your program with already existing outputs. 

Once you train your data, after this if you take test data 

set to verify, if it does not recognize well it will decrease 

the accuracy of the program. Here you provide training 

data set. You create an algorithm which is a universal 

truth, whatever observation comes you know where to 

classify.  

2) Unsupervised learning: It classifies based on logic. No 

testing data is required. You know how your data is 

behaving, but you cannot guarantee if new observation 

can be classified.  

3) Reinforced learning: Here your program tries to make 

decision based on your behavioural pattern. Example of 

it is as follows: you ask- will it rain tomorrow? In this 

case your program will go previous day in history and 

check parameter and compare those parameters with 

present and then throws result.  

The technique which we are going to use in our 

paper in sentimental analysis. It is a part of supervised 

learning. So now we need to ask why sentimental analysis is 

used in first place. Answer is that when you add new 

functionality in your product you want to know feedback and 

thus for many such reasons this technique is used. Sometimes 

referred to as opinion mining, although the emphasis in this 

case is on extraction.  

IV. DATA COLLECTION 

Through API, R was connected to Twitter and tweets were 

downloaded having keyword “iPhone X”.  

1000 latest tweets in English language were then 

synced in R. Basically we are going to put scores of all the 

tweets and average it. Scores in our case is ranging from -5 to 

+5.  

 Tweets were made to read by R, by giving stringsasfactor 

equal to false 

 Dependent variable is created. We name this variable as 

“Negative”. This variable is read as a factor.  

 Tweets with average of less than equal to -1 are 

considered for analysis.  

 Now, “tm” and “SnowballC” packages are installed and 

library is called. 

 A corpus is then created. Corpus contains only the text 

part of the file that is only the tweets it contains.  

 Convert the corpus to lower case 

 Remove punctuation 

 Look at the stop words 

 We choose to remove stop words along with the word 

“apple” 

 Now we stem the document. We need to stem the 

document because one word will have many 

manifestations, like go will be gone, went, going, gone 

etc. 

 Now we create DTM, that is, document term matrix 

 In DTM, we are putting each of these words in column, 

rows as tweet number and cell shows us frequency. 
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Cleaned corpus is converted to DTM, so that analytical 

techniques can be run on them.  

 Now we check for sparse terms and remove them 

 R does not identify column name starting with numeral, 

so column names are made R friendly  

 Dependent variable of “negative” is added. 

 A CART model is then built.  

 Baseline accuracy of this model comes to be 89% 

 Random forest is then created 

 Predictions are made 

 Word cloud is created 

V. ANALYSIS 

A. Word Cloud 

One can create a word cloud, also referred as text cloud or tag 

cloud, which is a visual representation of text data.  The text 

mining package (tm) and the word cloud generator package 

(wordcloud) are available in R for helping us to analyze texts 

and to quickly visualize the keywords as a word cloud. 

This word cloud contains variables which have 

taken form of columns in DTM. According to the criteria 

defined by us, this cloud contains variables which have 

average score of more than or equal to -1.  

 
Fig. 1: WordCloud od iPhoneX 

B. CART Model 

CART which stands for Classification and Regression Trees. 

Decision Trees are an important type of algorithm for 

predictive modeling machine learning. The classical decision 

tree algorithms have been around for decades and modern 

variations like random forest are among the most powerful 

techniques available. 

Classification and Regression Trees or CART for 

short is a term introduced by Leo Breiman to refer to Decision 

Tree algorithms that can be used for classification or 

regression predictive modelling problems. 

Classically, this algorithm is referred to as “decision 

trees”, but on some platforms like R they are referred to by 

the more modern term CART. The CART algorithm provides 

a foundation for important algorithms like bagged decision 

trees, random forest and boosted decision trees. 

According to our analysis, following is the CART 

plot received. It shows the words which are making tweets for 

iPhoneX negative. It shows “freak” to be the most important 

variable impacting the average score for the tweets containing 

this word. Other words which make tweets negative are hate 

and stuff, but their order is low in comparison to the word 

freak. 

 
Fig. 2: CART plot 

C. Random Forest 

Random forest is like bootstrapping algorithm with Decision 

tree (CART) model. Say, we have 1000 observation in the 

complete population with 10 variables. Random forest tries 

to build multiple CART model with different sample and 

different initial variables. For instance, it will take a random 

sample of 100 observation and 5 randomly chosen initial 

variables to build a CART model. It will repeat the process 

(say) 10 times and then make a final prediction on each 

observation. Final prediction is a function of each prediction. 

This final prediction can simply be the mean of each 

prediction. 

Random forest is created using various CART 

models. Here also in most important variable impacting 

tweets (negativity) is freak. 

 
Fig. 3: Random forest 

VI. INFORMATION LEAK 

There is always some information leak in such techniques 

because to analyse the data we condense it and process of 

condensation leads to ignoring certain things like sarcasm, 

use of smilies, word “apple” as we are considering Apple and 

apple different. 

VII. CONCLUSION 

There are many applications of sentimental analysis. Like, for 

a product is the review positive or negative? Customer email 

shows that the customer is satisfied or dissatisfied? Based on 

a sample of tweets, how are people responding to recent 

newly launched ad campaign/product release/news item? 

Identifying child-suitability of videos based on comments 
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