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ABSTRACT:-

In this work the analysis about the travel data set. Then, in these three online travel agents such as Ticket.com,
Agoda, Expedia use Facebook for supporting their business as customer service tool. moreover, the data will
be analyzed in this deep learning algorithms. such as, convolutional neural networks (CNN), Naive Bayes and
support vector machines (SVM) to determine the sentiment analysis. however, the research consists about the
deep learning techniques to implement that improve recommendation task is to predict that includes to design
and testing in sentiment analysis.
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INTRODUCTION: -

In this context, sentiment analysis is now this making the growth will be helpful. It is a branch of
affective computing research. Moreover, it is the area is now widely recognized.

Understanding and interpreting the destination for destination management will thus provide opportunities
for the creation of the brand value and image of the destination. It will also make an important contribution
to the determination of tourist needs in the destination and meeting these needs. Tourists will be able to use
it to make better travel plans.

Digital texts created in these new tourist processes are seen as an important opportunity for tourists and
suppliers to get to know and understand each other. These opportunities should be evaluated in terms of
suppliers, namely those offering touristic products (tourism enterprises, destination management), and
tourists.

In this travelling about it is an informal and conversational. Moreover, it is an effective sentiment analysis
that techniques are introduced in the process such as textual data. It is a significant construction that quality
of tourism will be a great value. Furthermore, the experience that we can tell about that positive and
negative thoughts on the online traveling experience. however, booking tickets in website ticket.com, Agoda,
Expedia etc.

ASPECT LEVEL SENTIMENT CLASSIFICATION: -

In this aspect level classification have the several sub tasks. Just like, aspect extraction, opinion identification
and Aspect sentiment classification.in this which we can use the deep learning method. moreover, it mainly
focuses on the both the sentiment and target information. In this sentiment always as target. Furthermore,
target is usually an entity or an aspect. however, it is the review of a target information in this task.
Furthermore, it aims to determine towards the opinion target.it means that word or phrase (sequence of
words). however, in the travelling website the people are typing in the search option about their destination
and booking details etc.

In these other techniques which we need to implement that aspect level sentiment is scalable. Moreover,
which it is support in the customer conversations & reviews.it targets mainly on the important tasks.
Furthermore, it introduces the attention model that incorporates synthetic data. it tells about the customer
payments by using credit or debit card of a transactions. Moreover, it is increasing the importance of global
economy. However, it is an enough customer specific data to personalize them for each user. Finally, this
aspect level sentiment should focus on the features of developed system in travelling area.

In this it is also tell about the aspect level classification is the method of working it is used to develop the
tasks.

TARGET DEPENDENT SENTIMENT CLASSIFICATION: -

It is aims to given target. moreover, it talks about to identify the sentiment targets in the given sentence.
which it means the information that we are searching about the destination that we are checking in the
travelling. furthermore, this activation of the key industries. that will be handled more in the communities.
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moreover, it is managing in the different ways for managing customer-brand relationships is currently
essential with in this travelling trade. however, for extending the travelling business there doing promotions
using SNS (social network sites). just like Facebook, twitter etc. In this more about target dependent
sentiment classification talks about that particularly in the neural networks. Moreover, it is target dependent
sentiment analysis (TDSA) method is useful to develop it. However, these neural networks which produce
different results are multiple runs due to random results are there when it applies the neural networks.
Finally, this TDSA method which it is helpful to improve and using these neural networks it will be easily
developed.

In this target dependent sentiment classification talks about there are using the different sites that promotes
the travelling business to increase the market.

LONG STHORT TERM MEMORY NETWORKS: -

In this | was discussing about the recurrent neural networks that it is related about the LSTM (long short-term
memory). moreover, this long short-term memory which it is based on the artificial neural network in the
field of deep learning. Furthermore, when the people are travelling to destination. generally, they have the
GPS. It means that u can track your location where we are at certain point. furthermore, there is grid points
which it means that we are moving in the correct way or not. So, this is about the GPS.

In this which it helps from the networks that is used to find out the route of destination from starting point to
end point.

DATA SET:-

In this which | used the data set of travelling. moreover, in this which are having data set of users,
destination, gender, accommodation.

1. ACCOMODATION :-

In this below figure shows the details of columns & rows
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ItravelCod.IuserCGde name place days price total date

0 0 Hotel A Florianop: 4 313.02  1252.08 HuHHHHHE

2 0 Hotel K Salvador ( 2 26341 526,82 s

7 0 Hotel K Salvador ( 3 26341 790.23 S

11 0 Hotel K Salvador ( 4 20341 1053.0d s

13 0 Hotel A Florianop 1 313.02  313.02 HHHHAH

15 0 Hotel BD Matal (RN 2 24288 48576 1/9/2020

22 0 HotelZ  Aracaju (S 2 208.04  416.08 HEHHHHHH

29 0 Hotel AU Recife (PE 4 312,83 1251.32 ST

32 0 Hotel AF  Sao Paulo 2 1391 278.2 5/7/2020

33 0 Hotel K Salvador ( 4 26341 1053.64 ST

34 0 Hotel AF  Sao Paulo 3 1351 417.3 s

38 0 Hotel BD Matal (RN 2 24288 48570 S

39 0 Hotel K Salvador ( 1 263.41  263.41 HHHHHHT

42 0 Hotel BW Campo Gr 3 60.39 18117 HHHHHHHH

43 0 Hotel K Salvador ( 4 20341 1053.0d s

45 0 Hotel BD Natal (RN 1 24288 24288 8/6/2020

51 0 Hotel K Salvador ( 1 26341  263.41 HiHHHAH

33 0 Hotel BW Campo Gr 2 60.39 120.78 HHHHHHHH

34 0 Hotel AF Sao Paulo 3 135.1 417.3 | HHHHHHHH

55 0 Hotel A Florianop 2 313.02  626.04 HufHHHHE

hotels | +

74 Hotel BP Brasilia (D 4 247.62 990.48 HEHHEHH
74 Hotel AF  Sao Paulo 3 139.1 A17.3 | HHHAHRRR
74 Hotel K Salvador | 1 263.41 263.41 7/2/2020
75 Hotel CB Rio de Jan 3 165.93 A97.97 | HHHAHRRR
75 Hotel BW Campo Gr 2 60.39 120.78 HHHARHH
75 Hotel CB Rio de Jan 1 165.93 165,99 HHEREHHE
75 Hotel K Salvador | 1 263.41 263.41 1/2/2020
75 Hotel BW Campo Gr 4 60.39 241,56 HHEREHH
75 Hotel CB Riode Jan 3 165.99 497.97 HHHHHERRE
75 Hotel AF  Sao Paulo 3 139.1 A17.3 | HHHAHRRR
75 Hotel BW Campo Gr 4 60.39 241.56 HEHHARHE
75 Hotel AF  Sao Paulo 3 139.1 A17.3 | HHHAHRRR
75 Hotel BD Matal (RN 1 242.88 242 88 HHHRRH
75 Hotel K Salvador | 3 263.41 790,23 HHHEREHH
75 Hotel BP Brasilia (D 2 247.62 495.24 4/2/2020
75 Hotel A Florianop 3 313.02 939.00 HHEREHHE
75 Hotel AF Sao Paulo 2 139.1 278.2 HHHHHHA
75 Hotel AF  Sao Paulo 4 139.1 S50, HEHHRRRE
75 Hotel K Salvador | 3 263.41 790.23 HEHHRRHE
75 Hotel BD Matal (RN 2 242,88 A85.70 | HHHAHRRRE
75 Hotel BD Matal (RN 3 242.88 728.64 HEHHRRHE
75 Hotel BW Campo Gr 3 60.39 181.17 #HHEREHE
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L0 LD HULEL L ATdUdju (3 L LU U ZUBJUG S 2f AULS
12965 126 Hotel AU Recife (PE 4 312.83 1251.32 3/9/2023
12968 127 Hotel K Salvador | 2 263.41 526.82 tHEHHEHEHE
12975 127 Hotel K Salvador ( 1 263.41 203.41  HHRHHERRE
12979 127 Hotel K Salvador | 1 263.41 203.41 HHHRHEHR
129581 127 Hotel AU Recife (PE 4 312.83 1251.32 1/9/2020
12983 127 Hotel BW Campo Gr 4 60.29 241.56 HHHHHAH
12989 127 Hotel BD Matal (RN 2 242.88 485.76 3/5/2020
12995 127 Hotel BP Brasilia (D 2 247.62 495.24 | tHHHEHRHE
12998 127 Hotel AU Recife (PE 4 312.83 1251.32 5/7/2020
12999 127 Hotel CB Rio de Jan 4 165.99 663.96 | HHHRHEHR
13002 127 HotelZ  Aracaju (S 2 208.04 416.08 6/4/2020
13005 127 Hotel BP Brasilia (D 4 247.62 090.48 HHHHHHHH
13006 127 Hotel K Salvador ( 3 263.41 790.23 7/2/2020
13007 127 HotelZ  Aracaju (S 1 208.04 208.04 7/9/2020
13009 127 HotelZ  Aracaju (S 4 208.04 832.16 HHRHHEARE
13010 127 Hotel CB Rio de Jan 1 165.99 165.99 | HHHRHEHR
13011 127 Hotel CB Rio de Jan 2 165.99 331.98 8/e/2020
13013 127 Hotel A Florianops 4 313.02 1252.08 HHHHHEHH
13019 127 Hotel BW Campo Gr 2 60.39 120.78 | HHHRHERRE
13020 127 Hotel AU Recife (PE 2 312.83 625.606  HHHRHERR
13023 127 Hotel CB Rio de Jan 2 165.99 331.98 | HHHRHHARE

2. DESTINATION: -
In this which it helps through that which mode that people are travelling will be economic or
business class.

. w [ [ = [ Er) e ' F "

|trave|C0d_|u59rCude from to flightType price time distance agency date
0 0 Recife (PEFlorianop firstClass  1434.38 1.76  676.53 FlyingDro| ##HHHH
0 0 Florianop Recife (PEfirstClass  1292.29 1.76  676.53 FlyingDro| #####HH
1 0 Brasilia (D Florianop firstClass ~ 1487.52 1.66  637.50 CloudFy S
1 0 Florianopi Brasilia (D firstClass ~ 1127.36 1.66  637.56 CloudFy  ####sHE
2 0 Aracaju (S Salvador ( firstClass ~ 1684.05 216 B30.80 CloudFy | #iHHHHHE
2 0 Salvador [ Aracaju (S firstClass  1531.92 216 B830.80 CloudFy  #HiHHHHEH
3 0 Aracaju (S Campo Gr economic  743.54 1.69 650.1 Rainbow  #HHHH
3 0 Campo Gr Aracaju (S economic  877.56 1.69 650.1 Rainbow #HHHHHHE
4 0 Recife (PEFlorianop economic 803,39 1.76  670.53 Rainbow  #iHHHHE
4 0 Florianop Recife (PE economic 695.3 1.76  676.53 Rainbow  #HHEHHEE
5 0 Brasilia (D Aracaju (S firstClass  1287.52 111 425.98 FlyingDro| ##HHHH
5 0 Aracaju (S Brasilia (D firstClass 898.04 1.11  425.98 FlyingDro| #HHHHHE
o 0 Recife (PEFlorianop premium  1070.54 1.76  670.53 Rainbow  #iHHHHE
6 0 Florianop Recife (PE premium 1013.4 1.76  676.53 Rainbow  #HHEHHEE
7 0 Aracaju (S Salvador { economic  964.83 216 830.86 CloudFy s
7 0 Salvador | Aracaju (S economic  811.73 216 B30.80 Cloudry | #HEHEEH
8 0 Recife (PESao Paulo economic  513.06 1.26  486.52 CloudFy s
8 0 Sao Paulo Recife (PEeconomic  829.91 1.26  486.52 CloudFy | #HEHEEH
9 0 Brasilia (D Campo Gr economic 583.6 0.72 277.7 CloudrFy i
9 0 Campo Gr Brasilia (D economic  506.56 0.72 277.7 CloudFy

L
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5175
5175
5176
5176
5177
5177
5178
5178
5179
5179
5180
5180
5181
5181
5182
5182
5183
5183
5184
5184

3.USERS:-

code

52 Brasilia (D Campo Gr firstClass
52 Campo Gr Brasilia (D firstClass
52 Brasilia (D Salvador { economic
52 Salvador ( Brasilia (D economic
52 Brasilia (D Campo Gr firstClass
52 Campo Gr Brasilia (D firstClass
52 Brasilia (D Florianop premium
52 Florianopi Brasilia (D premium
52 Aracaju (S Florianop economic
52 Florianopi Aracaju (S economic
52 Recife (PESao Paulo firstClass
52 Sao Paulo Recife (PEfirstClass
52 Aracaju (S Matal (RN premium
52 Matal (RM Aracaju (S premium
52 Brasilia (D Campo Gr firstClass
52 Campo Gr Brasilia (D firstClass
52 Aracaju (S Salvador ( firstClass
52 Salvador { Aracaju (S firstClass
52 Recife (PE Campo Gr firstClass
52 Campoo Gr Recife (PEfirstClass

company name

gender

0 4You Roy Braun male

1 4¥ou Joseph Hcmale
2 4¥ou Wilma Mc female
3 4¥ou Paula Dan female
4 4¥ou Patricia C: female
5 4¥ou Trina Thor none
6 4¥ou lesse Deocmale

7 4¥ou Gregoria E.female
8 4Y¥ou Jack Sabo none
9 4¥ou Debbie Henone
10 4¥ou Melvin Lo male
11 4¥ou Virginia Rifemale
12 4Y¥ou David Tho male
13 4You Irene Tuck none
14 A¥ou John Cody male
15 4¥ou Janice Cucfemale
16 4You Shane Hutfemale
17 4¥ou Victor Trik none
18 4You Tanya Oro none
19 4¥ou lohn Benr male
20 4¥ou Sally Robe female

1009.71
847.83
921.08
609.83

1069.61
870.91

1189.32
885.37
852.18
§19.41
980.83
1573.5
427.25
479.37

1009.71
847.83

1714.75

1581.59

1110.76

1244.73

age

21
37
48
23
e
47
46
21
41
33
36
g1
33
36
37
36

47
25
B3
22
85

0.72
0.72
1.76
1.76
0.72
0.72
1.66
1.66

2.1

2.1
1.26
1.26
0.46
0.46
0.72
0.72
2.16
2.16
1.39
1.39

] r

277.7 FlyingDro| ##HHi
277.7 FlyingDro| s

676.56 Rainbow
676.56 Rainbow

277.7 Rainbow

277.7 Rainbow
637.56 CloudFy
637.56 CloudFy
808.85 Rainbow
808.85 Rainbow
486.52 Rainbow
486.52 Rainbow
176.33 Rainbow
176.33 Rainbow

b
s
st
5/1/2020
5/7/2020
5/8/2020
s
s
st
s
s
s

277.7 FlyingDro| 6/4/2020
277.7 FlyingDro| 6/7/2020
830.86 FlyingDro| HHHEHHH
830.80 FlyingDro| s

535.4 CloudFy
535.4 CloudFv

HHHHHHE
S
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21
22
23
24
25
26
27
25
29
30
31
32
23
34
35
36
37
38
S0
40
41

42
43
44
45
46
47
48
49
S0
a1
52
53
54
S
S6
=T
58
59
60
61
6.2
63

19 4%ou
20 $You
21 A%¥ou
22 &ou
23 4¥ou
24 A¥ou
25 &Y ou
26 A¥ou
27 4%¥ou
28 4¥ou
29 A¥ou
30 4¥ou
31 /4You
32 4%¥ou
33 4¥ou
34 A¥ou
35 4¥ou
30 4¥ou
3T 4%¥ou
38 You
39 A%¥ou

40 4¥ou
41 4¥ou
42 4¥ou
43 4¥ou
44 4¥ou
45 AYou
46 4You
47 Aou
48 4¥ou
49 AYou
50 4¥ou
51 AYou
32 4¥ou
53 4You
34 4¥ou
55 4You
536 4¥ou
57 &ou
38 4¥ou
59 &You
60 4¥ou
61 4You

John Benr male

Sally Robe female
Julia Meir female
Michele & female

Leslie San male
Calwvin Cue male

Elizabeth  female

Yolanda C female

Sean Pear male

April Mille female
Lisa Mater female
Alberta Bc female

Christoph none
Wesley Lc male

Ida Turzak female
Anita Pete female

Helen Sell none
Anna Rodi none
Denise Me none

Mancy Doy female
Billie Dwi; female

Carlos Car none
Sandra Biz female
Robert Co male
Louise Jan female
David Bris male
Margaret | female
Bobby Garmale
Kevin Linc male
Clyde Rui: male
Charles W male
Monigue 'female
lenell Tar female
loyce lacc female
Carol Dixc female
Corothea female
Ivory Shin none
Lindsey Pinone
Corothy D female
Ernie Wall male
Katherine none
Fred More male
Susan Arm female

42
B2
61
24
21
54
42
28
4
55
56
39
55
23
21
38
39
32
37
29
a7
61

22

56
51
35
a0

43
22
16
33
59
40

5B
21
34
5B
27
a7
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NIVIDIA DEVELOPER:

In this using this data sets that above images of users, accommodation & destination. Moreover, in
this which have the Nvidia server of NGC catalog. However, it is having the option of vertex Al. moreover, it is
used for the data set that we can write the code in Jupiter notebook, google colab etc. Finally, this is the way
which it used the software for develop applications in deep learning.

ALGORITHMS:
In this | have used the algorithms of CNN & RNN

1.CONVENTIONAL NEURAL NETWORKS(CNN):

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

#matplotlib inline

import os

for dirname, , filenames in os.walk('/kaggle/input'):
for filename in filenames:

print{ecs.path.join(dirname, filename))

# undersampling

from imblearn.under sampling import RandomUnderSampler

from collections import Counter

from matplotlib import cm

# Llogistic Regression

from sklearn.linear model import LogisticRegression

from sklearn.model_selection import train_test_split

import statsmodels.api as sm

Output:
Skagelefinputfargodatathon2Bl9/users.csv
Jkagglefinput/fargodatathon2Bl9/ hotels. csv
Skagglefinput/fargodatathon2Bl9/flights.csy

df_user = pd.read_csv('/kaggle/input/argodatathon2819/users.csv’)
df_hotel = pd.read_csv( /kaggle/input/argodatathon2818/hotels.csv’)
df_flight = pd.read_csv('/kaggle/input/argodatathon2818/flights.csv’)

df _user . isnull(}).sum()

Output:

code
company
name

gender

o o o @

age

dtype:. into4

df_user.head()
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Output:
code company name gender age
1] 0 A¥ou Roy Braun male 21
1 1 AYou  Joseph Holsten male 37
2 2 A¥ou  Wilma Mdnnis  fernale 43
3 3 A¥ou Faulz Daniel  female 23
4 4 A¥ou  Patricia Carson fernale 44
df _user .groupby( "company” ) .size()

Output:
COompany
4¥ou 453
Acme Factory 261
Monsters CYA 185
Umbrella LTDA 194
Wonka Company 237
dtype: int64

In this using the travel agent to implement this deep learning algorithm by using convolutional neural
networks. however, using this CNN model in this travelling.it consists of data collection, data segmentation.
Moreover, it could provide accurate and energy efficient transportation mode in detection ability.
Furthermore, it is based on the multiple smart phone sensor. However, it talks about the various type of
sensing devices to gather data. moreover, using this data it will be guide through that about the ticket
confirmation and your details will be there in it. moreover, in this deep learning algorithm which we are using
that CNN. it contains huge data sets related to travelling. moreover, it talks about the recommendations that
we can take from three aspects. just like recommendations system in travelling, community, user interface
design. furthermore, more related information of this travelling it is destination places which u are selected,
accommodations & weather of particular in this place. finally, this are the recommendations are there in this

travelling.

df_user.groupby( “gender"” ) .size()
Output:

gender

female 448

male 452

none 448

dtype: intéod

df _Tlight.head
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Output:
LravelCod wsarCod [ fhghtTyp price I Lan agen
0| 0 i : (PE e Cla 134.38 1 6553 F D8/26/2019
10 0 e PE Cla 29229 1 653  FlyingC 08/30/2019
2 i B 1 DF ot Cla 187.52 1.6 37.56  CloudF 0f03/2019
3 0 Zi: Brasilia (OF Cla 27.36 1.6 3756  CloudF /042019
4 U Ara I=E IBH Cla B84.05 216 B30D.EBE L F C 2 2]
df _flight.groupby("agency").size()
Output:
agency
CloudFy 116378
FlyingDrops 38758
Rainbow 116732
dtype:. intdo4d
df _flight.groupby(['travelCode’, ‘userCode']).size().max().min

Output:
2
RECURRENT NEURAL NETWORKS(RNN):

In this recurrent neural network, which is the use for travelling is that analyze sequential data.it means that
travelling customer details, accommodation etc. moreover, in this data talks about the text, images, customer
information. Furthermore, in this recurrent neural network which it is having that memory which it is related
through hidden layers. however, it is a step-by-step process in this travelling which we are select the exact
location about your destination. then, sequential data which helpful to improve the features in travelling

data.

df month_grow rate.groupby( 'month¥Year')["price"].sum().plot(kind="1ine"', ax=ax1l, marker="o")
df month_grow rate.groupby( 'monthYearInt')["MoM(%)"].sum().plot(
kind="bar", ax=ax2,color="purple", alpha=8.3, label=True)

for a, b, in zip(range(45),df month grow rate["MoM(%)"]):

if b < @:
plt.text(a-@.5, b, str(b) + '%', rotation=8, fontsize="small")
if b » @:
plt.text(a-8.5, b, str(b) + '%', rotation=8, fontsize="large', ¢ = 'red")

figl.suptitle( 'Monthly Price Sum', fontsize = "15")
fig2.suptitle( 'MoM', fontsize = "15")

axl.set(xlabel=" ', ylabel="Price Sum')
ax2.set(xlabel="Year/Month", ylahel:'MoP{%}'j
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Output:

Monthly Price Sum

L0 —

06 4

Price Swm

Jan T

df _flight.groupby({"to").size(

Output:

to

Aracaju ([SE)
Brasilia (DF)

Campo Grande (MS)
Florianopolis (3C)
Matal (RN}

Recife (PE)

Rio de Janeiroc (RJ)
Salvador (BH)

Sao Pauleo (SP)

S
dtype . into4

. . ﬂkm’ﬂ“\\‘/a\vdh

37224
38779
34748
73y
23796
3480
16815
17184

[2*]
[
[= 3
[
(%3]

Jan
2022

. In this travel data set using recurrent neural network algorithm it talks about that using which | was giving
the input as about travel data set. moreover, which gives the output of the recurrent state. however, which
tells about the hidden layers that applies the function of an initial weights which it effects then it gives the
exact output. Furthermore, it will be used in the travel data set that set of inputs in layer of memory.
however, the users which using the travel application that talks about the timeline of a person GPS is
travelled. Finally, by using this RNN algorithm the output which will be visualize as graphs.

sns.lineplot(data=data, x="index', y="price’, hue="group’,markers= ["0","¢"],palette = 'hot')

axs.set xticks(range(1,13))

axs.set xticklabels(['0ct', 'Nov','Dec’,"Jan", 'Feb", "Mar", "Apr', ‘May","Jun", "Jul", "Aug', "Sep'], fontsize = 17)

axs.set xlabel("Month", fontsize = 28)

axs.set ylabel("Price Sum", fontsize = 20)
plt.legend(title="GROUP", loc="upper right’, labels=['A 2019 Oct - 2020 Sep', 'B 2020 Oct - 2621 Sep'],fontsize = 12)

pLt. show( j\
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Output:
lal
11 GROUP
= A 2019 Ock - 2020 Sep
14

B 2020 Oct - 2021 Sep

Price Sum
E E B

=
(=,
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df hotel["datetine”] = pd.to datetime(df hotel[ date’])

df hotel[ 'monthYear'] = pd.to datetime(df hotel[ datetime']).dt.to_period('i")
df hotel['year'] = pd.to_datetime(df hotel[ datetime’]).dt.year

df hotel[ 'month'] = pd.tu_datetime(df_hntel['datetime']).dt.mﬂntH

df hotel.head()

Output:
lravelCode  uwserCode  name  place days = price lola date datelima  monthYear — year mantl
o Hotel | Florlznopols | 313.02 12520 22018 000 201808 2018
1 2 0 potel | Tapador 2 263.41 52682  10M10/2019 20'% 201810 2018 10
Holel  Salvador ) arn 41 | Tan a3 amnie | 2019 P
2 a K iBn) 3 263.41  7BO.ZE3 11/14/2018 11-14 2019-11 2018 1
. . Hotel  Salvader  ,  aeae ) P nenan | 2018 reas | snaa | a9
1 a K {BH) d 263.41 105364  1E12/2018 12-12 201812 2018 12
4 13 o Hiolel - Flariancpalis 31302 31302 12/26/2018 ‘““L 018-12 2018 12
M P L Y - £0

df flight groupby = df flight.groupby('month¥ear')["price”].sum().to frame()

df hotel groupby = df hotel.groupby( 'monthYear')["price”].sum({).to frame()

df flight_hotel = pd.merge(df _flight_groupby, df _hotel groupby, on=[ 'monthvear'], how="left")
ﬂf_flight_hntel = df flight hotel.rename({columns={ price x': 'flightPrice’, 'price y': 'hotelPrice'})

JETIR2212100 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | a825


http://www.jetir.org/

© 2022 JETIR December 2022, Volume 9, Issue 12 www.jetir.org (ISSN-2349-5162)

16T

1z
— mightPrice
10 mm FotelPrice

LG 1

o4

L

g 2 8 £ 38 8 % g 8 5 B 2 2 o 8 2 ¥ 2 5 £ 8 3 B 2

4 3 4 3 3 4 O - - T O L L - = T T = = =

F R R R R E R R R R R R R R B R ®#8 E &8 R B ®B # E
manthear

df_flight_hotel.groupby([ 'days_hotel']).size()

Output:
days_hotel
1.8 7649
2.8 7659
3.\ 7683
4.8 7639

dtype: inta4d

df churned groupby.groupby( ['userStatus’] ).size()

Output:
usersStatus
churned 353
continued a7

dtype: intbed

sns.countplot(x="ageRange’, hue = "userStatus8l", data = df customer,

hue order = [1,8], ax=axarr[8][8] )

sns.countplot(x="userCompany’, hue = "userStatusgl”, data = df_customer,

hue order = [1,8], ax=axarr[8][1] )

sns.countplot(x="combo"', hue = "userStatus@l"”, data = df customer,

hue_order = [1,8], ax=axarr[1][1] )

sns.countplot(x="travelDaysRange', hue = "userStatus@l”, data = df customer,

hue order = [1,8], ax=axarr[1][8] )
sns.countplot(x="flightPriceDifferTicketAvgRange', hue = "userStatusel", data = df customer,
hue order = [1,8], ax=axarr[2][8] )

sns.countplot(x="hotelPriceDayhvgRange', hue = "userStatuse1l", data = df customer,
hue_order = [1,8], ax=axarr[2][1] ﬂ

Output:

JETIR2212100 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org

| a826


http://www.jetir.org/

© 2022 JETIR December 2022, Volume 9, Issue 12 www.jetir.org (ISSN-2349-5162)

ipmrttahinll
1] L
-

170, 30 [, wj N, % 50, 1) [0, ) o PMonsters O Wenks Compeny  Acme Fomary Uil LTD4
MesaTge s e Carnpa g
o il a0l 140 S Lalusfil
- -1
wn 1
- w —

1, 25 |45, ab) jea, 5| 175, 108] 1150, 105] 1125, 150] 1150, 105) (1RE, N 1 2 24 5 570 FWDILEDHAHISEITTIDINDARTDNEEN
wavelay=Hangs mmen

marinhialil

imershanedll s

6n LI} -]

- 6 -
0 i
E xn g 2
il

m
l i)
L JR— — ‘ 3 . —_— — — .
(300, -300] =300, -200] (200, -100]  -L0O.9] (R LO0G)  L3002C0] (300, 302) (300, 40d) 050 150, D03 12000 1500 (500 3000 20D 350] (253, 300] (30D, 3%)] 13504000
fightricelifferTickabiwpSar g hotei=ricela yiepiange

In this paper improved that about the travel agent sentiment analysis using deep learning techniques.
Moreover, which it is used through travel has the good or bad reviews. however, which | was implement this
deep learning algorithms that it is used to improve the websites of travel. Furthermore, which it is also this
sentiment analysis which describe about text processing, future selection & deep learning classification.
Finally, in this travel data set which is used to develop it that can be expected.
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