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EXECUTIVE SUMMARY

Micro-blogging websites have evolved to become a source of all kinds of information.
People post all kinds of real time messages on micro-blogs including their experience of
a service they use, opinions on a variety of topics and current issues, complains and

positive sentiments about the product they use.

Twitter offers a unique dataset in the world of brand sentiment. Brands receive
sentiment messages directly from their customers in real time on twitter. These brands
have the opportunity to analyze these messages to determine the consumer sentiment.
Taxi aggregator industry being a high volume service industry receives hundreds of
comments on their social media pages daily from their customers regarding their

experiences, complaints and opinions on the services provided.

The aim of this study is to analyze the sentiments of a corpus of tweets posted with
hashtags and twitter handles of major taxi aggregator players in India, including Ola
cabs and Uber Cabs. The study aims to classify the tweet sentiments as positive,
negative and neutral. The purpose of this study is to identify key service areas of these
companies which require further improvements and the areas which provide positive
experience to the customers. The study further discovers trends from the data which

may generate actionable insights.
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CHAPTER -1

INTRODUCTION

Social media has off-late changed the way companies interact with their customers. It
has enabled them to conduct business in an entirely different manner wherein they get
to interact with their customer base via social networking sites. As millions of people
share and post on social media, the rate at which this data is increasing is unfathomable.
(Reza Zafarani, Huan Liu et al, Cambridge Univeristy Press, 2014). Industry- consumer
interaction happens in real time with the advent of these forums. Blogs, customer
review websites, social media networking sites like Facebook and Twitter have emerged
out to be the greatest sources of data for the companies to analyze and develop

marketing intelligence solutions.

Social media data mining is the art and science of extracting, analyzing and presenting
patterns from social media data in order to fetch meaningful insights. A study indicates
that out of 98 percent of customers who raise issues about customer service about 30
percent do so via online social networking sites (Chandra, International Journal of
Business Research, 2011). To the marketer, this mined data can provide insights into
behavior patterns of the customer and help him understand customer feelings and
sentiments in real time. (Shintaro Okazaki et al, 2014). However, along with the
benefits come the challenges in exploiting this huge dataset. User generated content on
social media is often fragmented and disorganized. Special techniques are needed to

analyze and mine patterns out of it. One such technique is sentiment analysis.

Sentiment analysis is a data mining technique that uses machine learning algorithms to
analyze and infer the sentiment of a piece of text. In the field of marketing, it acts as a
research method to effectively evaluate the consumer opinions in real time.
(SearchBusinessAnalytics, 2016). It allows data extraction and analysis from a very
large corpus without any time delays. Marketers, with the help of sentiment analysis are
able to gain information on attitudes and opinions of consumers as they occur, without

having to invest in lengthy and costly market research activities.


https://en.wikipedia.org/wiki/Social_media

In this study, we apply sentiment analysis techniques to gauge the sentiments of the
customers regarding the services provided by taxi aggregator companies. The objective
of this study is to analyze the sentiments of a corpus of tweets posted with hashtags and
twitter handles of major taxi aggregator players in India, including Ola cabs and Uber
Cabs. The study aims to classify the tweet sentiments as positive, negative and neutral.
Further, the purpose of this study is to identify key service areas which require further

improvements and the areas which provide positive experience to the customers.



CHAPTER-2

SOCIAL MEDIA TRENDS IN INDIA

Social media usage in India increased manifolds, as the number of internet users in
India reached 375 million users. (Statista.com, 2016). India is one the key markets for
social media giants as India has mobile social media penetration of about 9%
(Statista.com, 2016). The active social media users in India has grown to around 106
million and India is among the top three countries in number of users for Facebook and
twitter, the numbers being 100m+ for Facebook and over 33 million for Twitter. (Ernst
Young, 2015). About 84% of Facebook’s 100 million users in India access it using their
mobile devices (Ernst Young, 2015).

Almost 81% of the brands surveyed consider Facebook to be the most important
platform for customer engagement, while about 48% of surveyed brands consider
Twitter as the second-most important channel after Facebook, followed by YouTube
(with 43% surveyed brands considering it to be the third—most important channel).
(Ernst Young, 2015)

75% of India’s online population is digital consumers i.e. those who use digital media
for purchasing goods and services (Ernst Young, 2015). Trust in a brand and company
is no longer dependent only on company-controlled, traditional mass media channels,
but rather on peers and communities through social media and other digital channels.
Therefore, brands need to allocate a significant proportion of marketing budget to social
media marketing and digital in order to successfully market to these customers.

The top 3 objectives to be present on social media for the brands include Building

Brand Awareness, Customer Engagement and Building a Community.
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Fig 2.1: Primary objectives for being present on Social Media
(Source: Social Media Marketing-India Trends Study, EY, 2015)

2.1 Measuring Success of Social Media Platform

For measuring the success at social media platform, marketers use various metrics like

Brand sentiment analysis

It refers to analyzing the emotion behind a social media post. Sentiment analysis is a
technique which can help measure the tone of a conversation and adds important

context to social conversations.

Customer engagement

It refers to how often and how much people interact with a brand and its content in
social media. When a visitor or customer likes, re-tweets, shares or comments on

something a brand has posted, they’re actively engaging with the brand.

Brand mentions

This is the total number of times a brand is mentioned on a webpage or social media

network over a particular period of time.



Social reach

It refers to the total number of people a brand is able to reach via its various social
media networks. It is used to measure the influence of a brand and usually takes into
account the number of shares, retweets, repins, click-through rates, the number of

visitors etc.
2.2 Measuring Brand Sentiment

Brand sentiment can be used to evaluate the performance of campaigns and other

initiatives for competitive research and also evaluate brand health.

Over the time, as a company’s online footprint increases manifolds, it becomes almost
impossible to track the sentiment manually. There are a host of tools that can help in

tracking and evaluating the brand sentiment.

A majority of organizations monitor their brand sentiment through automated social
media tools. Tools used for social listening purpose include Meltwater , SAS text
analytics, Radian6, Simplify 360, Iristrack, Social Mention, Hootsuite and Netbase.

B NO
Yes

Fig 2.2: Companies measuring Brand Sentiment using Social Listening Tools
(Source: Social Media Marketing-India Trends Study, EY, 2015)

Marketers believe that sentiment analysis has reaped benefits for their companies. Some
of the major benefits that organizations have realized by via social listening tools
include effective management of customer queries, better understanding of the

perception of the brand and effective resolution on requests.
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Fig 2.3: Impact on Brand Sentiment after using Social Listening Tools
(Source: Social Media Marketing-India Trends Study, EY, 2015)

80%

The time taken to respond via social media channels is another critical factor that

determines the performance of a company’s social media presence success. Companies

now a days do much more than marketing on social media, they also indulge in

customer service and crisis management. From a marketing point of view, well stated

responses prove to of more value than a quicker response.
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Fig 2.4: Frequency of Updates on Social Media
(Source: Social Media Marketing-India Trends Study, EY, 2015)

In 2014, the average response time for a company to respond was 30 min or less for
38% of brands (compared to average response times stated by 25% brands for Facebook
and 28% of brands in 2013). (Ernst Young, 2015).

Average Response Time
What |s your average response time In which you attempt to reply to users on a soclal networking platform?

<30min

51.2%
50.1%

1-5 hours

612 hours

Average Response Times

13-24 hours

24 + hours

o% 20% 30% 40% s0%
2014 Responses M 2013 Twitter 2013 Facebook

Fig 2.5: Average Response Time on Social Media
(Source: Social Media Marketing-India Trends Study, EY, 2015)



2.3 Using Twitter in Sentiment Analysis

Micro-blogging site Twitter is among the world’s top ten social media channels in terms
of daily number of visitors and registered users (Garg et al., Journal of Management
Information Systems, 2011). It is one of the most popular social media channels for
receiving real-time updates with around 160 million registered users, receiving around
55 million tweets per day and 600 million search queries. (Savage, 2011; Thelwall et
al., Journal of American Society for Information Science and Technology, 2011).
Twitter has proved to be one of the favorite social networking sites owing to its concise
format which allows only 140 characters. (Geho et al.,2010; Gayo-Avello, 2011;
O’Leary, Communications of the ACM, 2011). Companies are constantly pushing
content to reach their customer base via twitter. They are interacting with them in real
time to solve any issue the customers face while using their products and services.
Sentiment analysis can be used to judge the sentiment of the tweets and discover
patterns in them in order to understand the perception of the customer and analyze the
effect of distinct events. Further, customer behavior can be predicted using this

technique. (Fotis Misopoulos et al, 2014).

When a user responds to an event by tweeting, she/he demonstrates an “information
behavior”. This contains his judgments on the event and therefore reveals important
information about users’ sentiments and on the tweeted topic. Savage (2011) observed
that while individual tweets might not be of great value, but a corpus of tweets when
taken together can uncover information about the customer’s opinions and moods which

can help marketers in understanding their customers better.

The use of twitter as an information source is increasing over the time with the advent
of new tools and techniques. Researchers are experimenting with various textual
information analysis techniques for analyzing Twitter feeds to get actionable insights.
(Thelwall et al., Journal of American Society for Information Science and Technology
2011). Based on the aforementioned, the text that follows presents a study conducted
within the framework of sentiment analysis and provides an example of how twitter

information can be used to assess customer experiences in the taxi aggregator industry.



Consumers of taxi aggregator services actively post their experiences in the form of

opinions, complaints, suggestions etc. on a daily basis.

Chocroach philix - 1r
@Uber_India a female friend of mine_faced harassment at the hands of one of

your drivers today in Mumbai. @Uber_Mumbai

Yash Vardhan s -
@ola_supports .. suffer together._Look at how @Uber_India does there pool
and learn something. This is like the 10th time | have cancelled

View conversation

Q " Bomb Billi. ! n
AL o @Uber_India cuts an arbltrar\' charge even though the driver forgot to end trip
L % and ended up running for an hour more.

) Vignesh kumar RK vignesh k- 35m
' @Uber_India | was charged extra for my ride last sunday afternoon. Already
4+ contacted uber support many times. No response yet. Disappointing

Fig 2.6: Tweets addressed to Uber and Ola Handles
(Source: Twitter.com, 2016)

These aggregators can mine the customer comments and analyze them to understand the
general customer sentiment. They can further analyze areas which particularly require

immediate attention for improvement and areas which delight the customer.

For example: Multiple posts on a particular day about the booking being cancelled by
drivers can make the company look into its operational issues and rectify them to

deliver better services and ensure customer satisfaction.



Customer sentiment can be measured over a long duration to analyze the impact of a
newly adopted strategy. These companies can mine for trends in their feed to

understand the customer better and thereby deliver a better service.
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CHAPTER-3

INDUSTRY PROFILE

3.1 Taxi Aggregators in India

The taxi business in the country is growing at 20 - 25 per cent per year as per the reports
of Radio Taxi Association of India. Currently the organized taxi sector is just around
four to five percent of the industry and has a valuation of around $800 million. It is
expected to grow to $7 billion by 2020 (businesstoday.in, 2015). The taxi aggregator
services have become popular in the last few years in India. The companies which
manage these services call themselves as technology companies. This exempts them

from the transport regulations that a typical transport operator has to adhere to.

Ola is the overall market leader in terms of market share. According to SoftBank Corp,
based on the data of registered vehicles, the company has a 65 per cent share.
TaxiForSure, a company Ola acquired, has 14 per cent share.(businesstoday.in, 2015)
Meru cabs had the second-largest share at 16 per cent while Uber cabs just has five
percent of the market. (businesstoday.in, 2015) The combined market share of Ola and
TaxiForSure is around 80 per cent and all the other taxi companies together have the
rest. While Ola got an earlier start on the market by launching its service before Uber
arrived in August 2013, Ola’s lead may also have resulted due to the breadth of services
that it offers. Last week, Ola revealed that its ‘Micro’ vehicle service alone is bigger
than Uber, covering 75 cities and over a million daily rides. The acquisition of
TaxiForSure for $200 million last year will also have helped.

One of the major reasons for the success of Ola and Uber, the two major taxi aggregator
services in India, is their ability to digitally match supply and demand by successful
deployment of technology. Technology has enabled the right information to be available
to the right persons at the right time. The business model of taxi aggregators has
provided intelligent solutions to address the gaps in the present call taxi system —
namely lack of focus on performance, driver behavior, difficulty in matching capacity

with demand, uncertainty of demand, increase in prices etc. Using technology

11



comprising of software algorithms enabling accurate matching of demand and supply,
the idle time is reduced for the drivers and for the customers, the wait time is reduced.
The other benefit for the consumer is that travel using taxi aggregator services is at an
affordable cost due to the economies of scale. This has created a win-win-win situation
for all — the driver gets assurance of demand, the taxi aggregator gets his commission

and the consumer has to wait less and pay reasonable fares for availing the taxi services.

* Individual operators or * The companies » The company are |+ The new model which
S .5.. cabs running in different registered under affiliating with Taxi is aggregating taxi
§ e part of country Radio Cab Scheme. owners under single brand
- g « 88-92% of the marketis | * It just constitutes 4- * Follows Garage- | * It constitutes less than
still unorganized. 5% of the market. to-Garage Model 0.5%
v B Individual Owners * Meru Cabs + TaxiGuide * Uber
> § + Small Operators » Easy Cabs + Savaarn * Ola Cabs
Y - Taxi Stands « Mega Cabs « Cab2dx7 « Taxi for Sure
CN . Pre-paid Tax « TABCab « TaxiPid « Bookmycab

Fig 3.1: Comparison of different taxi models
(Source: Evolution of Indian Taxi Market, INC42.com, 2015)

These taxis capitalize on their availability quotient and comfort quotient to attract
people. Use of GPRS (General Packet Radio Service based technology) and Global
Positioning System (GPS) can help operators monitor the cabs on real time basis
thereby making efficient use of cabs in terms of a high utilization ratio. This results in a

good financial performance.
3.2 Evolution of the Organized Taxi Sector in India

The organized taxi sector has its inception in 2001 with Fast Track Taxi and Mega
Cabs. But it was only after 2006 that the market saw traction when players like Easy
Cabs, Meru Cabs and Savaari came up. There are now several competitors in the

organized taxi business.

12



Phase 1 — Fully Owned Fleets

Initially the companies owned the complete fleet of cars. The drivers were salaried
employees. This led to high capital costs to the company including car loan EMI’s, high
maintenance costs etc. Although this model helped in rapid expansion, however it also
came at a huge cost. Bookings were mainly done via telephone calls. High stress levels

of drivers and driver strikes were common.
Phase 2 — Fleet Aggregation Model

This model was started by companies such as TaxiForSure and Ola. In this, car owners
or small fleet owners can get registered with the company to deploy their cars as taxis.
Cars could take up non-company rides as well, however for every company-initiated
ride; they had to pay certain percentage as commission to the company. This model had

lower maintenance costs and low capital expenditure.

Booking was done via websites as well as through telephone calls. While cash was still
the dominant mode of payment, in-cab POS terminal for credit / debit cards was also

used in this phase.
Phase 3 — The Hybrid Model (Current Phase)

In this model, part of the fleet is from an aggregation model and part of the fleet is
owned by the company and hence providing the best of both worlds i.e. while keeping

costs low, they offered better control on service quality and cab availability.

Booking are done via website, telephone as well as mobile apps and the payments via
cash, card and wallets. Major players include Ola Cabs, Uber and Meru Cabs.

13



3.3 Taxi Aggregators: Facts and Figures

Ola was founded in Mumbai by IIT Bombay graduates Bhavish Aggarwal and Ankit

Bhati in 2010. They shifted headquarters to Bangalore in 2012. It currently serves 100

cities in India and it follows a 100% aggregated model.

OLA CABS
» Founded in Mumbai,
December 2010

» Active in 100 Indian cities
» 100% agqreqgated

» Cabs booked only
through app

» Aggregates autos

» Cash payments accepted
everywhere / wallet option

FUNDING RAISED

$700 million+

INVESTORS

DST Giobal, SoftBank, Falcon
Edge, GIC,Sequoia, Steadview,
Matrix, Tiger Global

TOTAL INCOME
08 . 2023
51.05 : 16.41
PAT
-34.22 2280
TAXIFORSURE*
TOTAL INCOME
201314 . 201213
429  0.64

PAT ]
1708  -3.02

UBER
» Founded in

San Francisco, June 2009
» Active in 18 Indian cities

» 100% aqggregated

» Cabs booked only
through app

» Aggregates autos

» Cash payments accepted
in six cities

» Paytm wallet, credit and
debit card work

FUNDING RAISED

$6 billion

ndiaspedfic $1 bilion
INVESTORS
Lowercase Capital, Menlo, First
Round, Benchmark, Goldman
Sachs, Google Ventures, Baidu
TOTAL INCOME

201314 2023

226 - NA
PAT :
007 ° NA

Figures in? oore Source: ROC

MERU

» Founded in Mumbai,

> April 2007

P Active m 23 Indian cties
» Hybrid Model

> 70% cabs aggregated

» Cabs booked through
3pp. website and call centres

» Does not agyregate auto
» Cash payments accepled

everyaherefcredit and

debit card options/ wallet opticns
?M RAISED

125 million
INVESTOR
TOTAL INCOMNE

2004 200/

NA.  NA

PAT
356  -3L1

Fgarin ! oo Souror BOC

Fig 3.2: Facts about major taxi aggregators
(Source: Evolution of Indian Taxi Market, INC42.com, 2015)
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According to a report by www.techinasia.com :

Average number of Ola rides per day: 1 million
Number of cabs on Ola’s platform: 350,000
Reported Number of Daily trips: 200,000.

Number of cities Ola cabs operates in : 75

The twitter handle of Olacabs has around 59k followers and 13k tweets.

Ola (@Olacabs) Twitter Statistics @

Profile name @Olacabs
Foliowers 59 454
Following 208

Tweets 13 184
Bookmarks Add profile

Fig 3.3: Twitter Statistics of Ola Cabs
(Source: Socialbakers.com, 2016)

A steady increase in the number of followers from 56k to 59k during the month of April

was observed.

Ola Twitter Followers

60.0k

59.0k

58.0k

57.0k

56.0k

last menth

Fig 3.4: Twitter followers of Ola Cabs trend for April 2016

(Source: Socialbakers.com, 2016)
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Uber, on the other hand, founded in 2009 entered India a little later than Ola cabs.
Similar to Ola, it also follows a 100% aggregated model. Recently, Uber’s
Alexander said in his interview that Uber’s market share increased from a mere 5%
in January last year to nearly 50%. Ola Micro (priced at Rs 6/km) is the closest

competitor to UberGo (priced at Rs 7/km) in terms of pricing.
According to a report on www.techinasia.com:

e Average number of Uber rides per day: 2,00,000 (in last august)

e Number of cities Uber operates in India: 27

The twitter handle of Uber India has around 13.5k followers and 7.2k tweets.

Uber India (@Uber_India) Twitter Statistics @

Profile name @Uber_India

13 592
Following 1132
7 264

Bookmarks Add profile

Fig 3.5: Twitter Statistics of Uber Cabs

(Source: Socialbakers.com, 2016)

Uber India also saw a steady rise in the number of followers in the month of April.

16



Uber India Twitter Followers

1331 3 manihs fast month 5t Z weers 1358 wook

O
14.0k
13.0k ,,:—»*-" <
"
i
x ,—-‘:/'
S
£y
- -—4/
12.0k e O
- ® e
~ _F"‘—F—‘ 2
.
P
.—,.4:-—*"_\” E socialbakers
11.0k
APR AW AP 2R apR AR AP APR 2N A R APR H ApR, Ay
3 s 7 9 11 13 1s 17 19 21 23 25 27 29 1

Fig 3.6: Twitter followers of Uber Cabs trend for April 2016

(Source: Socialbakers.com, 2016)

Founded in 2007 and active in 23 cities, Meru is the only player amongst the three to
have a hybrid model. According to CEO Siddhartha Pahwa, 70 per cent of its cars are

today aggregated. The rest are owned by Meru and are given under a subscription

model to drivers.

The twitter following of Meru is 10.8K users and has around 7.5k tweets.

Meru Cabs (@MeruCabs) Twitter Statistics @

) Profile name @MeruCabs
Followers 10 856
- = v’
Following 798
MERU | -

Bookmarks Add profile

Fig 3.7: Twitter Statistics of Meru Cabs
(Source: Socialbakers.com, 2016)
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Meru saw a gradual rise in the number of followers in the month of April with 400 new

followers added up during the month.

Meru Cabs Twitter Followers

last month
11,0k
)
10.8k g
L
—— /,/
-— .
—
10.6k e —
—
S -
————— == o |
—__’.!—-' oclalbaker
10.4k’ = G
L] APR PR ape PR arm ars ] ap2 aps 23R aps APR 255 Ay
3 s 7 9 11 13 15 17 19 21 23 25 27 29 1

Fig 3.8: Twitter followers of Meru Cabs trend for April 2016

(Source: Socialbakers.com, 2016)
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CHAPTER-4

METHODOLOGY

4.1 Significance of the study

The study is aimed at analyzing the customer sentiment of taxi aggregator companies
(Ola and Uber cabs) using their twitter handles and associated hashtags. The goal of the
study was to harness data on social media platform Twitter for monitoring and
analyzing customer experiences for the purpose of optimizing service performance. The
study further aimed at uncovering trends in the tweets of the customers. The study was

conducted under the framework of sentiment analysis
4.2 Scope of the study

This study is focused on the taxi aggregators including Ola cabs and Uber cabs, their

customers and their management executives.
4.3 Research Methodology

Descriptive research techniques were employed for the study. Tweets addressed to
@ola_support and @uber_india were extracted and preprocessed to remove hashtags,
URLs, @ symbols etc. These tweets were then analyzed using SPSS Text Analytics for
Surveys and results were plotted in the same.

4.4 Sample Size

A corpus of 2096 tweets of Uber India and 1430 tweets of Ola cabs posted between the
dates 1-April-2016 to 30-April-2016 was analyzed to determine their sentiment polarity.

4.5 Data Extraction:

A number of free GUI tools like Facepager etc. are available for data extraction which
use the Twitter API in the background. However, a limitation of using such tools is that
for a particular search term, tweets of past 7-8 days or a maximum of 1500 tweets can

be extracted. This study involves analysis of a data collected over a period of month, so
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a workaround had to be employed in order to extract more tweets. A semi-automatic

approach was employed to extract the tweets (Tillkeyling.com, 2016).
For extraction, the following steps were taken:

1. Using twitter advanced search, tweets addressed to various taxi aggregators
were searched for using their handle (For Example: @Uber_India) between the
dates 1% April 2016 to 30™ April 2016. The search results were scrolled to the

bottom. A script was used to extract the objects ids out of the results page.

T723661200920350720,723000258041843713,723660160%46847744,723653850223144561,7
23653324352819%200,723653056441651200,723652886212065537, 723645257790533632, 72
3648682281832445,723647841536105474,7236415910350065977,723641458781229056, 723
635501432623104,7236317611125856%6, 723625873300017153,723625651707625472, 7236
25046357227008,723624603535866880,723620405102043136,723608117586452482,72360
7823852857752, 723607648604700673,7236066006661075904,72360532586338508%, 723605
147511742464, 723604872206135296,723604482836172800,7236035952449773568,7236034
39270555104, 72360301235%2886275,723602552322187264,723602182763876353,72360182
3630811136,723600977539043328,7235395510654334464,7235395208218017793, 723598773
394485248,723558016410685536, 723557417015316480,7235%7196885561344,7235971657
38643457,723596583032524800,723556425526303744,7235957721643606336,72355561161
5004416,723555245273065473,7235546595%566025824,72359441393%9650560, 723593261139
415040,723593138359525376,723553100770172928,723552755605485664,7235510862543
50336,723550690228211712,7235505515168343168, 723585452209233520, 72358835506457
1508,72358782152552768B2, 723587687635155648, 723587686116655104, 723587078945169
405,723587032405147653, 7235858039354 73666, 723585604232065%125,72358480328357488
81,723583597184380528, 7235837262595228416,723583654304150464,72358360086045587
2,723583347654422529,72358267620848780848,723582402508422144,72358193100730777¢
,7235808%2183183360,723580147%70520448,7235794717234335084,7235759426512863232,
T723575355445682176,723575142818652160, 723579063557250048, 72357%0585%57770753,7
23578685522104320,7235785475588606544,723578305920655360, 72357821708%9654785, 72
3578147581513732,7235775305285185259,7235778515770445%2, 723577733112579456, 723
S5TT74358765759328,72357714006354325%6, 723576911457357824, 723576565005041408, 7235
T76235415080561,723576203274145885, 723576142402322432,723575751204851713, 72357
5747215083264, 723575725658256856,7235756331340308459

Fig 4.1: Twitter object ids extracted for Ola cabs

2. The twitter API 1.1 has a statuses/lookup function which allows fetching data by
giving ids as input. However, it allows fetching data of only 100 ids in one go.
The ids extracted in the previous step were automatically chunked in groups of
100 comma separated records by the script. Chunks of 100 ids were fed to the
Twitter API console to fetch 100 records. The Twitter API returns a JSON script

as response.
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Service Authentication

hips //ap teatter zom/1 1 v Paitter-gaurang 3004

Request URL
GET \ hitpa /‘api twallec com/! 1statuseaTookup json7ide 72366 1200220350720 72366029804 18437 13 723660160926
m 'Jw Snapshot i
GET /1.1/statuses/lookup.json? .
1d=723661200920350720,723660298041843713,723 Crested_st™: “Fri Apr 22 23:53:00 +0000 ¢
HTTP/1.1 i 7236 ,
Authorizatrion: Oauth id ser*

cauth_consumar_key="0DC05eP08bQ8bYacsr45ng” , cauth_signat

SHA1" oauth_tinestamp="1462260%91" .0cauth_nonce="301273}| wrong e= vundl .., T ¥elt notning weong r hurting
df dvmazzopXZKponPDAYAMY I vE2hdHHYDE ey SFF"  cauth_signatut entities
Host! api.twitter.com nashtags'
X-Targer-UnI: https://api.twitter. coo syabols™| S
commection: Keep-aAlfyve ucer_sentions -
Tscreen_name RGVPURI"™
name illy
id
id_ 295 1
ingl

Fig 4.2: JSON response (right pane) for statuses/lookup query on Twitter API console.
(Source: Twitter API Console Tool, 2016)

3. The JSON response was validated and converted to Excel format.

4.6 Data Cleaning and Pre-Processing

Before analyzing the records, they need to be pre-processed to remove different
symbols and URLs which are irrelevant for sentiment analysis. Following steps were
taken in data pre-processing.
1. Convert the tweets to lower case.
2. URLs —The URLs in the tweets don’t fetch any information about the sentiment
of the tweet, so eliminate all of these URLSs and replace with generic word URL
3. @username - Replace "@username" with generic word AT_username via regex
matching.
4. #hashtag - hash tags can give us some useful information, so it is useful to
replace them with the exact same word without the hash. (RavikantRajBlog,

2015) E.g. #olacabs was replaced with ‘olacabs’
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4.7 TOOLS USED

1. IBM SPSS Text Analytics for Surveys 4.0.1

SPSS Text Analytics for Surveys uses linguistic techniques to extract and classify key
concepts from open-ended survey responses. It has reliable category building
algorithms which enables the users to categorize the responses of the open ended text.
The categories produced can also be reused to provide consistent results across the same

or similar studies.

It extracts key concepts and terms using linguistics-based text analysis which offers
speed and accuracy. Linguistics-based text analysis is based on the field of study known
as natural language processing,

For a thorough analysis, SPSS Text Analytics for Surveys provides a list of lexicon

libraries including:

Customer Satisfaction Library
Product Satisfaction Library
Opinions Library

Slang Library

Information Library

L

Emoticon Library

These dictionaries provide an effective way of classifying text as expressing positive or
negative sentiment (Apoorv Agarwal, 2011). In the figure 4.3, the left pane shows the
different libraries present in the text analysis software and the types, the right pane

shows exclude list (stop words), bottom pane shows synonyms and optional elements.

22



e L et A i s 1. 2

Ftn o Ve Busowces Yook el

DM XS EGnX X e O w iusaris 7 3

—_—_—
5(22 3,1&1"-« .'«:;:ht’on':mml (Engh] =L - #uyawoes : | Escuoeviet~ | Lty |
W Wi Loc Librany Tam b e | it Teer | umy |2 N NorePostvelords
™ %:.;:Lp;i (Eagisn) 2 v \ COMM Op with Local Lisrary
2 4 Y ? 3 < O Up wih Local Lary
(= Custonet Sabatackon Liteary (En: ‘ ¢§ u. .“. Locs Liseary
0 Dt siounes: " &, oy ind of prosam Qpmwne Utrary [English
oo © <t 5 ¥ oy proskems thave  Opinisna Uteary (English
VN Camacy 33 i o anpand of protlem Opinuns Litrary (Engish
VA Fobiaw UpiBy) i8 o Lt wat Opnwns Litrary (Engiah
_J\.n. Lanpuageid0 M) o | wan out of Opnans Litrary (English
5 IR L 10 o 1) et hyer 3 protoem  Opmiang Litvaty (Engish
I Comtrme( 11 3] ¥ 11 2ver have protiess  Opmkana Utrary (Enghish
i < 12 ¥ finaw aprotiem Opmiara Liteary (English
N Lan owniEs 11 o {1 have quastons Opnians Liteary (Enplish
. Weasew@ 14 o it trone aont e it Opiana Liteaty (Engrish
B VR Prosuct Salstaction Lesry i nghas 1" o 11 ) trokn, gant e & Opsnsana Litrary (Enginh
7ol 14 o 11 30 troken, dont fu | Cpmians Litrary (Engltsh
Ao 17 & Ti 3t beoke dortficd | Opmwans Litrary (English
W Buping 18 & fnoming Qpasans Litrary (Enghish
i - 12 ¥ Tthare are pscokms  Opiniang Litran (Engilsh )
VAU Cran i b e 104) ) o TMara 16 aprsslem  CouanG Litrary IEngan
B Prowuctsli 419 . 2 o Twe had protiema Sy Liteary (English )
i',{ nhrmation Loy ‘é-\_r;gy:‘»' . Frd & 1youtave 2 protiem  Opoians Ubeary (Englishi
-u l.' . —|a ¥ Cyouramsropioms Cpnkana Libeary (English
apat - T | o prater oot Cpenkana Litrary (English
[ E IS : : i L |r b ¥ % wook win Qpnians Litrar (Engliah
- o e . . o~ “ y ] o W e | hawe e 4§ Oomand Litran (Enguh
&Nttt S 4,.-1 ! ._ >:4.1\ : on N A: f' , ) o .-u CGpevans Libvary (Engh o ¥ when i have 3 protimm | Gpniana Litrary (English
1 N shwaps QSN Y, can abways ingen N, G alwaps 03N = ¥ when : hawe bad pesbier Opiniana Litrary (English
N trl U s . S LS N = ¥ whea prottoma comae o Opnkana Litrary (English
U Y S Opinians Uoeany Engd |130 o Whonerwt | e 3 grotl OpMans Litrary (English
> S S n o Wheswve! | R ad & p Opmians Liteary (Eoglisn
3 ¥ | haee wathee M Custorme Sahafacson Livg
> > h) 3 ¥ made me fesl Customer So¥sfacion LIb
> Y 3 « made uafeel Cuttomer Satsfaction Livs
S (T i - = x W whee 00 nave proslem Customer Sasfacion Lin
el Im 3 o Whim i haes grotiens  Customes Satsfacson Lid)
v e roia | b animiahl
BV Usvarer 10 25 Vpes N, 1533 Terr 1% 37 Excudes 18 19523 Zymeams [N 27 omaens [

Fig 4.3: SPSS Text Analytics for Surveys Libraries

Each library has further certain types defined in it. For example: The Opinions library

has Positive, Positive Attitude, Positive Budget, Positive Competence, Positive Feeling,

Positive Functioning, Negative, Uncertain, Negative Attitude, Negative Budget,

Negative Competence, Negative Feeling, Negative Functioning types defined under it.

Each type has a number of words defined under it. In figure 4.4, the center pane shows

words belonging to ‘Negative’ Type in Opinions Library. Further, in figure 4.5, the

center pane shows words belonging to ‘Positive Attitude’ Type in Opinions Library.
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2. Microsoft Excel -Microsoft Excel is a spreadsheet developed by Microsoft for
Windows, Mac OS X, Android and iOS. It features calculation, pivot tables,
graphing tools. The twitter data is cleaned and analyzed using Microsoft Excel
once sentiment analysis and categorization is done.

3. Tableau - Tableau, developed by Tableau Software, is software used for
business intelligence and analytics. It produces family of interactive data

visualization based on data.
4.8 Steps involved in sentiment analysis and category creation

1. Extraction of Concepts and Patterns: The extraction engine identifies candidate
key terms. These key terms are grouped under a main concept. Concepts are
then grouped into types, which are a collection of similar words such as positive
opinion words, words related to customer support etc.

For example: Words and patterns such as overcharge, cheap fare, surge pricing,
inexpensive can all be grouped under the concept ‘fare’.

Depending on the dictionary the word matches, it is categorized into different
types.

For Example: Overcharge, Surge Pricing come under ‘NegativeBudget’ type in
Opinions Library.

Cheap Fare, Inexpensive come under ‘PositiveBudget’ type in Opinions Library.

2. Refine and fine tune extraction results: The automatic extraction results depend
on the existing linguistic resources that come bundled with the software. The
results need to be fine-tuned for more accurate results. Fine tuning can be done
in the following ways:

a. Adding new libraries, types and words specific to the domain of words being
analyzed. For example: Words related to taxi industry can be added to the
linguistic resources for generating more accurate ‘concepts’.

b. Adding new synonyms to the existing words from the corpus being
analyzed.

c. Excluding irrelevant words and patterns from further extractions.
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d. Changing the ‘type’ of current words in the context of the text being
analyzed. For example: The word ‘cool’ can be generally associated as a
positive feature when associated with humans, however if the comments
being analyzed are from a feedback to a restaurant, ‘cool’ would be a

negative word to associate with food.

3. Build Categories: The software uses linguistic techniques to build categories

based on the concepts and types extracted.

For example: <Driver> + <Negative> may be a category with all the terms

related to type <driver> and <negative> together.

4. Refine Categories: The categories built automatically need further refinement
for more accurate results. Fine tuning of categories can be done in the following
ways:

a. Define category rules: Rules can be defined to make categories. One can
combine the different ‘types’ and ‘concepts’ extracted in previous steps to
make categories. Boolean operators AND, OR and NOT can be used to
combine types.

For example:

Category ‘Negative Service Quality’ can be defined rules such as:

[waiting time] & <cab> & (<Negative> | <NegativeFeeling Emoticon>)
b. Manually forcing comments to a particular category.

c. Combining similar categories.
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Fig 4.6: Flowchart for Sentiment Analysis and Category Creation
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CHAPTER-5

ANALYSIS, INFERENCES AND RECOMMENDATIONS

5.1 Tweet Analysis for Uber India

A corpus of 2096 tweets addressed to @uber_india was analyzed to identify customer
sentiment polarity. The records were further classified into categories such as Customer
Support, App, Driver Related Issues, Service Quality, Contextual to identify areas

which attracted maximum positive and negative comments.

970 at_uber_india plus i called him and told him where are you! Service Quality Megative
when i told him it's not me. he dint even bother cancelling the
trip.
1642 at_uber_india uber udsipur doesn't have a tueitter id? Service Quality Megative
1644 at_uber_india why is there an error in adding a paymert Service Quality Megative

method while registering a newy id? i've been trying since
morning!! frustrated

1688 at_uber_india one of the uber driver how to Service Quality Megative
cancel a trip in tere end after accepting the hooking 0.
2033 at_uber_india pls giv sfiention on issue 95% of ur chennai Service Quality Megative

drivers are cancelling the trip if it's above 15km reason is
incentive on 15 trips

5 at_uber_india i know surae price works. it's just since the Fare Negative
lazt morth there iz a constant surge in pricing

247 at_uber_india seems to have surge everywhere every nicht Fare Negative
in mumbail can't get a cab even on atuesday niaht without
surge price. at_uber_mumbai

364 at_uber_india at_sirjadeja at_suhelseth Fare Negative
shame on uber inspite of numerous cabs on road. they are
charging 3times more than normal 1are. cheat!

413 at_uber_india i don't & any logic behind u chargin surge price Fare Negative
whn thr v more thn 5 cabs avibl at d same location. surge
pricing z extortion.

513 at_uber_india i don't ¢ any logic behind u char gin surge price Fare Negative

whn thr r more thn 5 cabs avibl at d same location. surge
pricing z extortion,

Fig 5.1: Sentiment Analysis and Category creation for Uber India data in SPSS TAS.
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Fig 5.2: Category Web for Uber India data
Service Quality attracted the maximum number of comments, followed by customer

support, driver experience, fare related issues, app and contextual.

Out of the total of 2096 tweets, 1314 tweets corresponded to negative sentiment, 441 to

positive sentiment and rest 341 were neutral/contextual.

Positive Negative Total

Fare 22 201 223
Service Quality 82 404 486
Customer Support 195 226 421
Driver Experience 105 311 416
App 37 172 209
Contextual 341

Table 5.1: Category wise negative and positive responses for Uber India
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Fig 5.3: Distribution of positive and negative tweets across various categories for Uber Cabs
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canceliad trig oustomerexperience paytmaocount nternationad airport uberapp payment option
L 13 2
USI||g SUlge pl ICII Ig Surge pricing
emai aodress uber oriver airtel money support team uber pool czrcellzton fae
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Fig 5.4: Word cloud for high frequency themes extracted from Uber India data

Main themes which extracted with high frequency include surge pricing, pathetic
service, cancelled trip, prompt reply, quick reply, quick response, support team, pool
ride, totally frustrated etc.
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Figure 5.5: Word Cloud of High Frequency Positive and Negative Words for Uber Cabs

As seen from the above figure, high frequency negative words such as cancel, problem,
bad, complaint, declined, pathetic, wrong, unable, frustrating, expensive, overcharge,
not fair, loot etc. were extracted. Amongst the positive words, thanks, fast, excellent,
available, problem resolved, answered properly, resolved were common which mainly

reflect effective customer support system of Uber.

Fig 5.6: Trend analysis of sentiment over the month for Uber cabs
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The above graph shows the line plot for sentiments throughout the month. A sharp spike
in the number of tweets particularly negative and neutral tweets was observed around
18™ April — 25" April 2016.

Sentiment
W negative

W neutral

I I - posmve
6-11 1-5 5-8 8-12 126

Fig 5.7: Trend analysis of tweets over different time slots for Uber Cabs
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From the above graph, it is observed that maximum number of tweets were captured in

11 am-5 pm slot, followed by 6 am-11am slot and then by 12 am — 6 am slot.
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Fig 5.8: Trend analysis of tweets over different days for Uber Cabs

From the above graph, it is observed that Monday received the maximum number of

tweets with tweet numbers gradually decreasing over the week.
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negative
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Fig 5.9: Follower count of users who tweeted vs. sentiment of posts for Uber Cabs

The above graph shows the negative posts reach the maximum number of users,
followed by positive and neutral posts. This post audience analysis can help a company
measure the damage to its reputation by the negative posts and measure positive

marketing by the positive posts.
5.1.1 Inferences and Recommendations for Uber India:

1. Based on the above data, service quality has attracted maximum share of
negative comments and the company needs to focus in this area. The customers
also faced issues related to surge prices, overbilling, long waiting times, and
booking getting cancelled, unavailability of cabs and drivers being rude and
unprofessional.

2. Customer support attracted more positive than negative comments, positive
being related to problem being resolved, helpful; answering queries properly,
knowledgeable executives.

3. “Surge Pricing” was the main captured theme from the analysis which was
mainly captured during the ‘odd-even scheme’ period in Delhi.

4. Issues with apps were also common.

5. A sharp spike in the trend analysis plot of sentiment over the month was
observed around 18" April 2016 (refer figure 5.5) which was the first Monday
after the odd-even scheme in Delhi started. A sudden rise in the number of
negative tweets was observed. This could be correlated to the consumers
expressing their negative sentiments regarding unavailability of cabs, service
issues, surge pricing etc.

6. The number of tweets was highest in the 11 am — 5 pm slot followed by 6 am —

11am slot and then by 12am to 6 am slot which shows that maximum tweets
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were posted during office hours, followed by the tweets during the time of

travel, followed by post-midnight tweets. Monday observed the maximum

number of tweets with the number gradually dipping throughout the week.

Customer support can be done managed better using this data to handle heavy

volume of tweets addressed to customer care for providing quick and effective

response.

7. There is a small difference in the reach of positive and negative posts which is
good for the health of the brand.

5.2 Tweet Analysis for Ola Cabs

A corpus of 1430 tweets addressed to @ola_support was analyzed to identify customer

sentiment polarity. The records were further classified into categories such as Customer

Support, Fare Related, App, Driver Related Issues, Service Quality, Contextual to

identify areas which attracted maximum positive and negative comments.

Out of the total of 1430 tweets, 834 tweets corresponded to negative sentiment, 345 to

positive sentiment and rest 251 were neutral/contextual.
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driver can deny his duty end moment and u can miss your
train or flight

at V'!H SLEDPO I have forwarded the «
refer over dim. pl check. the entire ¢
forwarded

rts
1) idid 2nd i diate bo g as Well Whlch got cancelled
from yr =ide even after prov:dlng de
slacabs Wur”"t service in ahmeda just before S min from
scheduled time they cancelled the ) d.ibooked 3 hrs in
advance.
pathetic = ce by olacabs. at_olacabs cancelled my 5:45
am bookxng at 5:40 am. L,anv:Plled the & oy at will of

cabs p ang not trustyworthy . you may end up

receiving i that wour booking has been cancelled just at
the pickup lled time

t= not able to submit the

as aresult i am not able to b
= to submit

pports | missed my train . even after bo
cab much in advance, your driver = cancel the b
mlnutes fffff = arriving

book
ride/ride+=Contextual=

bookbooking+=Positive=

bookmooking+=Positive=

book/booking+<hegative=
servicefservice+<Negative=

bookbooking+<Megative=
servicelservice+=Negative=

hookMooking+=MNegative=
olacabsiolacabs+<=Negative=

bookhooking+=Megative=

book/booking+<htegative=

Fig 5.10: Sentiment Analysis and Category creation for Ola Cabs data in SPSS TAS.
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Fig 5.11: Detailed Category Web for Ola Cabs data
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Fig 5.12: Simplified Category Web for Ola Cabs data
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Positive | Negative Total

Fare 72 191 263

Service Quality 63 223 286
Customer Support 95 195 290
Driver Related Issues 71 166 237
App 64 39 103
Contextual 251

Table 5.2: Category Wise Positive and Negative Responses for Ola Cabs

300
250
200
150 M Positive
B Negative
100
 Total
50 -
0 .
Fare Service Customer Driver Contextual
Quality Support Related
Issues

Fig 5.13: Distribution of positive and negative tweets across various categories for Ola Cabs

Customer support attracted maximum number of comments followed by service

quality,fare related issues, driver experience, app and contextual.
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dealoftheday nearbuy lakh youth premium service Download app

50k entrepreneurs  Pathetic olacabs  motorcycle rides
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food delivery  bad customer service employement jobs Olacabs
olaride auto booking service  Ola partners ride-hailing app

Fig 5.14: Word cloud for high frequency themes extracted from Ola cabs data

Surge pricing, deal of the day, booming taxi market, pathetic service, legal recourse,
fare estimates, bad customer service, pathetic Ola cabs etc. were the main themes

extracted from the data.

win unprofessional problem  great hope love quick fail

) updated better pathetic bad

== Worst best thankyou complaint o

ridiculous newfeature missed booming kindly

Figure 5.15: Word Cloud of High Frequency Positive and Negative Words for Ola Cabs

High frequency positive words like better, updated, © (happy smiley), great, hope,
quick, best etc. were extracted from the data. Negative words include unprofessional,

pathetic, problem, worst, ridiculous, missed etc.
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Fig 5.16: Trend analysis of sentiment over the month for Ola Cabs

The above graph shows the line plot for sentiments throughout the month. A sharp spike
in the no of tweets particularly negative and neutral tweets was observed around 24"
April to 30" April 2016.
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Fig 5.17: Trend analysis of tweets over different days for Ola Cabs

From the above graph, it is observed that Friday received the maximum number of

tweets followed by Tuesday and Wednesday.
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Fig 5.18: Trend analysis of tweets over different time slots for Ola cabs

From the above graph, it is observed that maximum number of tweets were captured in

11 am - 5 pm slot, followed by 6 am-11am slot and then by 12 am — 6 am slot.
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Fig 5.19: Follower count of users vs. sentiment of posts for Ola cabs

The above graph shows the negative posts reach the maximum number of users,
followed by neutral and positive posts. This can help a company measure the damage to

its reputation

5.2.1 Inferences and Recommendations for Ola Cabs:

1. Service quality issues, fare related issues and customer care received similar
share of negative comments with service quality issues leading slightly than
others. Bad customer service, surge pricing, pathetic service, legal recourse, fare
estimates, pathetic Ola cabs were the main themes extracted which reflect the

same. The company needs to focus on these areas.
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Surge pricing was again the main theme in a lot of tweets which may be
correlated to odd-even rule in Delhi as Delhi has a huge customer base for Ola.
Words such as unprofessional, pathetic, problem, worst, ridiculous, missed etc.
dominated the list of negative words which again reflect on service quality
issues and driver behavior.

Issues with apps were in less proportion as compared to Uber cabs. Apps is the
only category which received more positive than negative comments.

A sudden spike in the number of tweets particularly negative and neutral tweets
was observed around 24™ April — 30" April 2016 which can be correlated to the
operational issues including non-availability of cabs, surge pricing etc. during
the odd-even scheme period.

The number of tweets was highest in the 11 am — 5 pm slot followed by 6 am —
11am slot and then by 12am to 6 am slot which shows that maximum tweets
were posted during office hours, followed by the tweets during the time of
travel, followed by post-midnight tweets. Friday observed the maximum number
of tweets followed by Tuesday and Wednesday. Customer support can be done
managed using this data to handle high volume of tweets for providing quick

and effective response.

There is a huge difference between the reach of positive and negative posts

which is not a good sign for the health of the brand.
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CHAPTER-6

LIMITATIONS OF THE STUDY

Sarcasm can’t be detected by automated sentiment analysis tools as it involves use
of positive words to express a negative meaning or vice versa.

. The precision of sentiment analysis tool is not 100% and the tool can report false
positives and false negatives.

. The recall of sentiment analysis tool is not 100% and the tool can possibly report
less number of positives and negative comments than the actual number.

. All the tweets associated with the taxi aggregators during the period for which the
analysis is done could not be captured as users can use any expression in hashtags to
express their opinions. For example: The tweets addressed to ola cabs can be
addressed with @ola_cabs, @ola_support, #olacabs, #ola_cabs, #OlaSucks,
#OlalsAwesome etc. There is no standard convention of addressing companies in
tweets and hence it is impossible to consider all the cases.

Only one month’s data was used to conduct the study which could be a limiting

factor in determining the trends.

41



CHAPTER-7

CONCLUSION

Tweets addressed to twitter handles of Ola cabs and Uber cabs for the month of April
were extracted and analyzed. The tweets were analyzed for their sentiment polarity in
terms of positive, negative and neutral polarities. Further, the study categorized the
tweets into various service KPIs including Service Quality, Fare related issues, App
Performance, Driver Issues, Customer Support etc and found areas which required
improvements and areas of customer delight. The study also extracted various entities to

understand the general trends in the tweets.

Monthly trend analysis, time slot trend analysis and weekday-volume of tweets trend
analysis was done to uncover insights in the tweet patterns. Tweet audience reach
analysis graphs were plotted to determine positive and negative effect of tweets to the
brand reputation. Recommendations based on the data and its analysis were made to

various departments of the aggregators.

The study concludes that the social media data can indeed be a rich source of
information which, if harnessed by the marketers, can lend organisations an upper edge
over its competitors. Analysis of this huge chunk of unstructured data can lead to
actionable insights and help marketers in better understanding of customer’s behaviour,
perceptions and feelings. It can help organisations in improving their products and
services by listening to their customers in real time. Organisations should build suitable

talent and invest in social media mining to reap the benefits of this data.
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ANNEXURE A

Screenshot of JSON response from Twitter API.

[

"created _at": "Thu Apr2104:14:39+0000 2016",
"id": 723001982437326800,
"id_str":"723001982437326848",
"text": "{@MeruCabs @ArvindKejriwal and how about quality of service? Thereis no comparison about
the same",
"entities": {
"hashtags": [].
"symbols": [],
"user_mentions": [{
"screen name": "MeruCabs",
"name": "Meru Cabs",
"id"- 1021937828,
"id_sm":"1021937828",
"indices": [
0,
9
]

"screen _name": "ArvindKejriwal”,
"name": "Arvind Kejrwal",

"id": 405427035,
"id_se":"405427035",

"indices": [

5 A
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ANNEXURE B

Screenshot of Sentiment Analysis by SPSS Text Analytics for Surveys
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ANNEXURE C

Screenshot of Tableau Worksheet

10

s Dsa  Workshest Oadbowd Sty Andpie Map  Fomst Sever Window  Mep

SRR o g & 7' 'F Moc Qe Newsl v owm L T 2 Powie
o e R I oo (100 Emil R HEE
Qrwdt (7] oka_sge_proc) -
el S 7 Rzme Sertvvart WMMursbar ot Recorgsl o [ 4
-~ O Fetoor " i
B Dwe . E Il ks
" M . e Foal
- Sentemrt I ' [ IR i
et Marks o 4
% Time >
= e "l o= : E —_— . . . 'l h
M UnerFobomers Coud . [
rafrovijeseas alol® , = = =1 o Gl
e Useo Protected Tohr | Sie | Lnel = Lk
e Usevunt 3 . L — P
e M re Ao Dot ocy _. . e .

—ar e - Fat borioomtal bars try

M 02t move denempiers

En_N =
p=s N =3 1=y

& Neotrative -.II.I-

g

Mussores
#  Norserof Secory

raweer o Fwviatm
a

1o
i
"
1w
- Tamr Moo Twe W) ™ ™ -
] Pata S e Sheet 2 [~ B S va

47



ANNEXURE D

Screenshot of output file for Uber cabs.

VoA e e e ¥ - ] I ool 1

* DATE = TIME * TIMESLOT |+ /ig =|temt .| - Ca X uses/
WApr  E2EL1AN &1L 31 a1 uber india at_sailaZ@chamma wah 2 negative QOriver Experience Negative
Ap RO AM E-IL 30 At _ubed_india | have Deen a loyal Cusion negative Oriver Experience Negative  Sangaloce , Ingia
BApt I MLS &4 wi_uber_incinhow tan you make rght the positive Oriver Experience Negative  New Deihs, Detnl
W-hor 22902 MM 11-5 47 st_uber_{ndin rocks, at_ola drivers are It negative Oriver Experience Negative
W-Apr A1 AW 115 50 at_ubec_Ingin but my oriver IS Saying you neutral Contestual Anywhere
29-Apr 115124 AN 115 &5 ar_uber india SO dis diiver has 3 prodlen negative Oriver Experience Negative Mumbal
20-A0c  BAE2D AM 641 70 B1_ubeor_india how con | get s of my i neutral Consestial INDIA
WAt A2005AM 126 BI wt_uber_inciin itate ot drivecs keep the  negitive Fare Negative New Deiti
W-Apr L1542 PN 11-5 B3 ot_uber_indis at_uber_bir why should | i nevtral Fore Negative Sangalore
B-Apr TEITRM SR £5 ot_uber_ingia driver \§ very rudedy neg Oriver Experience Neg .
9-Apr 1822 P 115 96 at_uber_india one of your deivers actuall neutral Contestual Hanana, india
WApc  SOLM AN 1246 7 ar_uber ingia ar tarinivifisingh and if ni neutral Concextual
WB-Apr 42222 AM 126 112 wr_uber_indin my drieer anded myrip by negative Oriver Experience Negative
MAor 53510 M 58 113 at_ubees_(nain why 8= 5 cnargec? - | had ¢ negative Oriver Experience Negative  earth
I-Apr 328 M 52 117 at_uber_inois wivy GO your driver's alway negative Oriver Experience Negative  Mumbal
WApr  LIGESPM 115 124 ot_uber_ingin i had to take L4 surge now positive Fare Negative
23-Apr L43de MM IS 129 ar_uber ingia jst booked B Al driver Wi neuural Oriver Experience Negative
W-Apr 20654 MM 115 139 Wt uber_InGin done, had & tarifying expe negative Qriver Experience Negative  Sangaloos
IApt A0S P 115 141 wt_uber_incin this i the Jrd time your dr negative Service Qualtity Negatoe
W-Apr  TO%I3AM 12-6 163 »t_ubes_ingia how mwch of the suped pr neutral Fare Negative Bertin, Germany
T-Apr 13813 FM 115 155 at_uber_india what do we do sbowt drive neutral Oriver Experience Negative  Noide
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day date time

Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tue
Tum
Tue

WApr BASISAM 611
26-Apr 123650PM 115
WApr BASEAM 611
WApe 122734PM 115
MApe I2536PM 133
2-Apr 122545 PM 113
WApe  L1501PM 115
26-Ape 1001:23AM 611
WAp BINIAAM 6.1
-Apr 129626 PM 115
26-Ap¢ 123300PM 115
WApe 93302AM 611
26 Ape 10:16:02 AM 611
WApr FSLSTAM 611
2%6-Ape 10:23:0AM 611
WApe SITHAM 611
WApe  Z1S00PM 115
WA FIBAM 611

time ot i< text

ANNEXURE E

Screenshot of output file for Ola cabs

user/location  sentiment
1 at_ola_supports >> ploase go and listen to the call records where 1 asked your customar care to book me a cab and he told me thi neutral
2 at_ola_supports at_olacabs worst service even though It say tab avallabia it mever gets booked url Hyderabad  negatwe
3 at_ola_supports >>consumer court and show this as proof how you are custoenes for a ride. thanks for showing true colour #t_dineutral
4 at_ols_supports after being assured by pr team dat | can collect it amytame [ was sent back as the ‘relevant’ was not functional on negative
3§ at_ola_supports not able to submit the rating and it throws an evror as a result | am not able to book cabs. check no of attempts t negative
& a1_ola_supports any update? Back Ichennal AN/A
7 at_ols_supportsy alt num? i m v much available on ey no, a1_olacabs, these silly reasons ungrofessional at_dnbChennal negative
4 ot ols_supportsy day's mumbai cheerdsy neutral
9 at_ola_supports your too needs to tran you on reading at_bhash. if you chock, it is there in post at_nikesharora Dedhi, Inda  neutral
10 #t_ola_supports yes and it shows 2mins and now It doesn’t booked before it was no swge these guys dont take IHyderabad  neutral
11 &1_ola_supports and thet 1oo during peak hours bezm. this was the most nidiculous experiente i ever had with at Chandigarh, Incnegative
12t _ols_supperts Lwoek in hst lyout. is there a offios nearby of urs? Mumbai neutesl

13 at_ola_supperts the, ghopal & Pune’  ANJA
14 #t_ola_supports recelpt for booking Id tfs-pp-co6838026 " A
15 at_ola_supports karnataka govt nas advised not to cofect pesk time charges but u guys are sbll cheating the publBangalore negathve
16 at_ols_supports or are you saying that you will refund me money when | take my next ride neutral
17 at_ola_supports why u are taking this much time to credit the money ?this is really disappointing. negatne

13 &t_ola_supports thanks for addressing the isswe. NewDelhi #N/A
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