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1 System Configuration

The project is done on 64-Bit Windows 11 operating system with 16GB ram with AMD
Ryzen 9 5900HX processor having a base clock speed of 3.30 GHz.

Figure 1: System Configuration

2 Software Requirement

For the project we have used following software :
1. Anaconda 2.3.3
2. Python 3.9.7

3. Jupyter Notebook
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Figure 2: Software Requirement

Python Libraries

The project uses following python libraries :

1.

10.

TensorFlow

Keras

. numpy
. matplotlib

. pandas

sklearn

itertools

. nltk

. transformers

scipy

Dataset

The Data is originally created by Edmunds(USA-based car selling business), and for
the study, the data is taken from the Kaggle.com where it was publicly published.
Original Dataset link: https://tinyurl.com/bdfjau8y

The Data consists of reviews from car owners in the USA from 2002 to 2018 in
separate ( comma separated value(.csv)) files for each car brand.



5 Data Preprocessing
e All the data is combined into one common dataset to begin the project.

e Data is cleaned and not required columns were dropped from the data frame ,refer
to figure [3

In [4]: tempbata =[['vechileTemphane®, 'RevienTempTitle", 'Revien®, *Rating' 1]

I [5): reviewbataset = pd.Datarrame()

In [s]: reviewpataset
outfs]: —
LEBE

In [7]: for 1 in range (@, lenites 1st)):
tempoataset - pd.read_csv(path-item 1st[i],engine="pythen’, error_bad_lines-False)
int (pathed

temppataset = tempDataset.drop(['Unnamed: e',’Author_Name'],axis=1)
reviewbataset - reviewDataset.append(tempbataset,ignore_index-True)

In [2): reviewbstaset - reviewDataset.cropna()
reviewbataset - reviewDataset.reset_index()
reviewbataSet - reviewDataSet.drop(['index'],axis=1)

In [2]: reviewDataSet.shape
ut(s]: (aasses, 5)
In [10]: oranes - []

for 1 in item_lst

Figure 3: Data Processing step 1

e The text prepossessing and cleaning is done before training the models.

Cleaning the texts
Removing Puntuations , Special Characters and Emojis

In [23]: def text_cleaner(review):
review = review.lower()
review = re.sub('\[.F30]7, " revien)
review = re.sun(’[ escape(string.punctuation), ', revien)
review = re.sub( "t L revien)

eview)

review = remove_emoji
return revien

def remove_emojis(reviem):
emoj = re.compile("["
\Ugee

& pictographs
t & mop symbols

" # dingbats

"]+", re.UNICODE)
return re.sub(emoj, '', review)

cleaned_review - lanbda x : text_cleaner(x)

Figure 4: Data Processing step 2

e Figure [5| is the final processed and cleaned dataset that was finally used to train
the Neural Networks



cleaned_Reviews Rob_Emotion

a its been a great defvery wehicle for my cafie.. positive
1 bought this car a5 3 commutar vehicle for 3 w... negstive
2 this van rocks its the best lofs of \rmoom i ... positive
3 great work vehicle drves nice has lotsof ro... positive
4 good solid frame and suspension well equippe... negative
212847 | have owned the tiguan for a year and month... positive
212848  now had months with suv nics sww handles we.. negative
212849 smaller dimensions and vy driving experiencs .. positive
212850 we have had our tiguan for a month prior to ... posiive
212851 the tiguan = can be had for 2 reasonabls and... positive

212852 rows = 2 columns

Figure 5: Processed Dataset for Neural Network

6 Data Analysis

The Sales were compared to the Sentiments of consumers per brand to find the pattern
between sales and sentiments.

Finding the Pattern for Ford

n [38]: tempData =
brandDataset - roberta_Senti_Datasst[roberta_Senti Dataset['Brand’] == ‘ford']
brandDataset = brandDataset.reset_index()
brandDataset. head()

index Rob_Emotion Review Date Brand Reb_Emo_Quantified

0 sas 20180806 fora 3
1T 20170842 ford 3
2 858 20170615 ford 3
EREES) 20170818 ford 3
4 50 positve 20180108 ford 3

n [31]: from tqdm inport tqdm
inport numgy

# Getting Average Emotion per
tempoata = [
brandenetionDataset = pd.Datarrame()

for 1 1n range (e,lsn(brandDatsset.index)):
tempData. append(‘temp' )

brandemctionDataset] AvéragsEmotion’] - tempoata

brandenctiondataset] 'vear'] = tempdata

year=[]

for i in range (e,len(brandoataset. ind
year.append(brandDataset[ 'Re:

year = list(set(year))

year = numpy.array(year)

for i in range(len{year)):
emovalue - 8
count = @
averagesmoticn - @
for j in range (e,len(brandDataset
if year[i] == brandDataset["
emoValue = encvalue + bran
count = count1
averageEmaticn = emoValue/count
brandEmotionpataset[ vear' [1]
brandemotionpataset("

te'1[§].years
t[ * Rob_Emo_Quantified*][j]

vear[i]
ion' ][] = averageemction

drop(brandemoti [brandemotionDataset.AverageEnotion == “temp’].index, inplace-True)

br 1
brandEnotionDataset

Figure 6: Processing data to generate sentiment graph



Comparing with Ford Sales

SalesData = pd.read_csv{'Fordsales.csv')
SalesData = Saleshata[['vear','Sales']]

for i in range (@,len(SalesData.index)):
SalesData['sales'][i] = re.sub(",',"",SalesData[ 'Sales'][1i])

salesData

Year Sales
2002 2990472
2003 2335573
2004 2788025
2005 2834041
2005 2415038

a

1

2

2

4

5 2007 2087042
& 2002 1820321
T 2009 1440853
& 2010 178251
9 2011 2057210
10 2012 2150858
11 2013 2403542
12 2014 2378841
13 2015 2501855
14 2018 2487487
15 2017 2464041
16 2012 2321835
17 2019 2203984

Figure 7: Processing sales data to generate graph

Ford Sales Vs Sentiment

In [36]: | SalesData[ "ear']= pd.to_numeric(Salesbata["vear'])
‘SalesData[ 'Sales’ J= pd.to_numeric(salespatal ‘sales’])
SalesData = Salesbata.set_index(Year')
‘salesData.plot(title="Ford sales Analysis”,grid=True)
brandenot ionDataset . plot(title="Ford Sentiment Analysis®,grid=True)

<axessubplotititles{ center':'Ford sentiment anzlysis'}, xlabel='vear's

16 Ford Sales Analysis
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Figure 8: Analysing the Sales and Sentiment Graphs



7 Model Training and Testing

Three approaches were taken to extract the sentiments from the texts, and after evalu-
ation the best approach was combined with neural network to create final model.

1. Logistic Regression

Model Training - Model Based On LogisticRegression

In [4]: from sklearn.model_selection import train_test_split

x = dataset.cleaned_Reviews
y = dataset.sappiness_Level RoundRatinggased

x_train,x_test,y_train,y_test - train_test_split(x,y,test_siz

2.2, randon_state-s44)

print(‘x_train : ',len(x_train), '\n x_test : ',len(x_test),"\n y_train : ',len(y_train),"\n y_test : *,len(y_test))
x_train 171528

x_test ;42982

y_train : 171535

y_test : 42361

In [5]: from sklearn.feature_extraction.text import TFidfvectorizer
from sklearn. linear_model import LogisticRegression

tfidv = TRidfvectorizer()
LRclassfier - LogisticRegression(solver='saga’)

In [8]: from sklearn.pipeline import Pipeline
from sklearn.metrics import confusion matrix

model_logistick = Pipeline([{(' rizer’, tfidv), (' classifier’,LRclassfier)])
model_1r = model_logisticR.fit(x_train,y_train)

predictis
##confus

Model Evaluations

n [7]: medelevaluator(’Logistic Regression’,model_lr,predictions,y_test)

#odel Evaluations for Logistic Regression
Accuracy : 8.6511568362739165

Frecision : 8.787208216235555
Recall : 0.6511568362739165

precision  recall fi-score  support
excellent @.75 .89 8.81 23700
happy @.51 .21 8.45 12405
neutral e.37 0.3 .34 2755
sad e.38 .26 .31 219
very sad @.a2 .16 0.23 912

Figure 9: Logistic Regression Model and Evaluation



2. Vader Sentiment Scoring

VADER Sentiment Scoring - Is Based on words in the sentence and not the overall meaning of sentence

In [11]: from nltk.sentiment import sentimentIntensityanalyzer
rom tqdm. notebook Import tqdm

sia - SentimentIntensityanalyzer()

In [12]: sia.polarity_scores('I am somenhat happy '

out[12]: {'neg': ©.6, 'meu': .37, 'pos’: ©.63, 'compound': ©.5273}
In [131: results = {3
or 1, row in terrows (), total = )
text = row['cleaned_Reviems']
data_id - row['id"
results[data_id]=
results

1a.polarity_scores(text)

e | e/214385 [ev:oec?, ?it/s]

/11215 [er {'meg’: 8.0, 'neu’t 8.825, 'pos’t @.175, 'Compound't 2.742},
1i {'neg’: 8.125, "neu’: 8.775, 'pos’s 0.699, 'compound’: -0.4793],

2: {'neg’: @.e, 'neu’: @.7e7, 'pos’: 8.23, 'compound’: @.8513},
35 {'neg': 8.6, 'meu's €.57, 'pos’: 8.43, 'compound': B.8639,
e 2

a: {'neg': 8.123, 115, -0.2201},
5 {'neg': e.e, * compound
0.723, 'pos’: ©.189, 6.92133,
‘neu't e.835, ‘pos': 8.184, 2.8999},

©.768, 'pos’: ©.132, 'Compound’: @.5405},
neu't 1.6, ‘pos’t 8.8, 'compound’: 8.8},
e.433, 'pos’: ©.368, 'compound’: @.5743),

‘neu't e.308, ‘post e.8833),
neu's @.362, 'pos': 8.038, 2.51353,
neu': e.g85, ‘pos’ e.9785},
': 8.891, 'pos -8.5187},
+ {'neg’t @.028, "neu’: 8.721, 'pos 0.9738],

‘compound’: -8.7513},

{'neg': 8.112, "neu': 8.821, 'pos’
a 751 nne’s @268 romooundts & G3E3)

L 170 Linect R
In [14]: vader_scoring_revieus - pd.Datarrame(results).T
vader_scoring_revieus = vader_scoring_revieus.reset_index() . rename (columnss=
vader_scoring_revieus - vader_scoring_revieus.merge(dataset)

ndex:*id'3)

Figure 10: Vader Sentiment Scoring

3. RoBERTa Pretrained model

Roberta Pretrained Model (A Deep Learning Model)- Based on the meaning and context of the
sentence

In [18]: from transformers import AutoTokenizer
from transformers inport AutoModelForSequenceClassification
from scipy.specisl import softmax

In (1313 ## Transfer tearning
preTrainediodel = #"cardiffnlp/tuitter-roberta-bese-sentinent”
tokenizer = AutoTokenizer. from_pretrained(preTrainedriodel
mode]_2=automodelForsequenceclassification. from_pretrained{preTrainediodel)

In [28]: def scores_fobertatiodel{text)
i_text = tokenizer(text,return_tensors='pt')
output = model_2(**encoded_text)
scores = output[e][e].detach(). numpy()
scores = softmax(scores)
seores_dict
*Rob_n

_neg : scorese],
‘Rob_neu’ : scores[1],
‘Rob_pos’ : scores[2],

g
return scores_dict

In [21]: results - {}
total_errors=a.
for 1, row in tqdm(dataset.iterrows(),total = len(dataset))
try:

text = ron[’cleaned Reviews']
id']

data_id = rowl
vader_results=sia.polarity_scores(text)
vader_result_rename = {
for key, value in vader_results.items():

vader_result_renane[ Fvader_(key}"]=value

roberto_results = scores_robertavodel(text)
both - {**vader_results,sroberto_results}
results[data_id]-beth

except RuntimeError:

Error for 1d : {data_id}")
except Tndexerror:
total_errors=total_errorss1
print(f"Index Error for id : {data_id}")

print('Total sentences left out = ',total_errors,'\n Total sentences analyzed successfully : ',len(dataset)-total_errors)

Ll

Runtine Error for id : 735
Runtine Error for id : 1550
Runtine Error for id : 2732
Runtine Error for id : 3484
Runtime Error for id : 4235
Index Error for id : 4632

Runtine Erear for 44t 4997

Figure 11: RoBERTa pretrained model



Model Comparison

In [251: | sns.pairplot(data=result_OF,vars=['neg’, 'neu’, 'pos’, 'Rob_nez’, 'Rob_new’, 'Rob_pos'l,hues’Rounded Rating’,palette='tabie')
pLE. show(

Bowied Rt
o1

Figure 12: RoBERTa pretrained model Vs Vader Sentiment Scoring

4. Neural Networks

Emeotion Detection Using Neural Network and TensorFlow - Model Creation

In [58]: inport tensorflow as tf
inport keras

From nltk.stem.porter inport Porterstemmer
From nltk.conpus import stopwords

In [59]: dataset Weuralliet = result DF[["cleansd Reviews®,'Rob_Emotion"]]
dataset_Neuralliet

out[ss] sleaned Reviews Rob_Emotion
0 s been a greas delivery vehile for my cafa... pesiive

1 bought ths car as a commater verice fora v negatue

2 i van rosks fsthe best ot of room i .. pesicne

3 greatwork vahicte drves nics has kots of o positua

4 goon ok frame 2na suspension well equippe negatve
212847 ihave owna3 the tusn for a year and morth. positie
2B4E  now had monihs wih suv nice sy handies .. negatve
212849 smaller dimensions and my dring experiznce positve
212830 we have has our tguan or 3 monh prerta . pesicne
212851 the tiguan s can be had for 2 rsasonabie and. positve

212852 rows x 2 columns.

n [s0]: dataset_Neuraliet.isna().any(axis=1).sun()
out[se]: e
n [51]: | ps = Porterstemmer()

def dataPreprocessing(text)
text = text.split()

ststemming

text = [ps.stem(uord) for word in text if not word in stopwonds.words('english')]
return * ", Join(

Figure 13: Data Preprocessing for Neural network



dataset_NeuralMet(*cleansd Reviews'] = dataset_MeuralMet["cleaned Reviews'].apply(lasbda x: dataPreprocessing(x))

Fram sklsarn.preprocess!

' import Lebelincoger

lable_enceder = LabelEncader()
datatet,Neuraliet[H_1abel-] + Lable_encoder. Fit_trar

orm{dat aset_Neuralliet] 'R

dataset_Neurallet

out[e3] cisanss_Reviews Rob_Emoton N_abel
@ grest salverivahic caf bus goad pomer aca positve 2
1 gt car cammat vehict van paci dzappsni regatve 0
2 van rock best ll roarm i I g mive positve 2
E R positive H
4 good ol fame suspens well equip ul powe regaive ]
212887 o iguan year marth baught g vand sl positve 2
BZBE  eroeth s eice s b el sccaler well e ragative o
212083 st dimens i erpeput g cha e positive z
202850 g pricr roub free pazeat aver - pasitive 2
212851 e ressan gt pay evera around superior & positve 2
212852 roms x 3 columns
T [62): Frem sklearn.Feature_extraction.text faport CountVectorizer

ve CountVectors zer (aas_festures=5088, ngren_ranges(1,3))

dataset NeurslNet CV = Cv.Fit_transforn(dateset NeuralNet[ clesned Reviews' ]).tesrray(})

dateset_NeuralNet_CV

utlB5): array(([e, 2, 8 ..., €, 2, €],
le, 1) 8,

Weras.dayers ingert Dens,
o (Ch G )

x_train. shape[1],) activation
reli))

softmax’))

nodelad (Dense(

nodel conpilu{10ss="sparse_categoric

crossentropy’ optinizer=’adan’ metrics:

curacy"])

wodel £18(x_train,y_tra

epachs=18, bateh_size=12)

Epech 1718

16508 10500. |- - 185 fms/step - loss: 83761 - accuracy: 8.5626
th 2718
12996/14300 (= - 125 BlGus/step - less: @.37L - sccuracy 6.8836

Figure 14: Layers Creation for Neural network

Roberta Pretrained Model (A Deep Learning Model)- Based on the meaning and context of the
sentence

In [15] hm transforners import AutoTokenizer
inport AutorodelFor lassification
mm scipy.special import softmax

In [13]: #& Transfer tearning
preTrainedsodel = f'cardiffnlp/ty a-base-sentinent”
Fokentzer = autorokenizer. fron.pretrained(prerraineduodel)
node]_2=autoMode]Forsequenceclassification. from_pretrained(preTrainediodel)

In [26]: def scores_robertaniadel{text)
encoded_text = tokenizer{text,return_tensors='pt')
output = model_2(**encoded_tex
seeres = output[e][e].detach().numpy()
scares - scftmax(scores)
scores_gict - {

_neg’ : scores[e],
‘Rob_neu’ : scores(1],
*Rob_pos’ i scores[2],

return scores_dict

In [21]: results = {}
total_errors=a.
for i, row in tqdm(dataset.iterrows(),total = len(dataset)
try:

text = rou['clesned Reviews']
data_id = row[*id"
vader_results=sia.polarity_scores(text)
vader_result_rename = {}
for key, value in vader_results.items():

vader_result_renane[ " vacer_ value

roberte_results - scores_Robertavodel(text)
both - {**vader_results,*roberto_results}
results[data_id]=both

except Runtimegrror:
‘total_errorsstotal_errorss1
Fr‘mt(F“Runt ror for id : {data_id}")

except IndexErr
‘total_errors= Cioter _errorse
print(f"Index Error for He - {data_id}")

print('Total sentences left out = ',total_errors,'\n Totsl sentences anslyzed successfully : ',len(dataset)-total_errors)
4 b
Runtine Error for 1d : 735 -

Runtine Error for id : 1s5e
Runtine Error for 1d ¢ 2732
Runtine Er'rm' for d
Runtine Error for id
Tndex reor for 13 ¢
Runtine Frear for id

Figure 15: Evaluating the Neural network
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