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On a Bigger Scale
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More Data Show Clearer Pattern
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Understanding Complex Data
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And At Last, Storytelling ...

= Ehe New JJork Eimes Q
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Jakarta, the City Where Nobody Wants to Walk
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Commuters in central Jakarta. A study using a tracking app ranked Indonesia last among 46 countries and
territories in average steps per person, at only 3,513 a day.
RONY ZAKARIA FOR THE NEW YORK TIMES



The Power of Data is ...
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Background :
Digital Ocean

> Information overload,
> technological based society
> acquire new value => new culture

> empowered Individuals
> more data available
> building contextual story / search



Background :

Contextual Story
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Background :
Cheap Change Everything

complex

disruptive economic
human behaviour market uncertainty

coopetitive, cooperative,
competitive

business
sustainability

* cutting through the BIG DATA hype .
* cheap means everywhere efficient economy

* cheap creates value new value proposition
* from cheap to strategy

business ecosystem / platform

APl economy

toward large-scale and

massive
programmable economy SOCIO-eCconomic |mpact




Background

The 4th Industrial Revolut
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Introduction to
BIG DATA (Use Case)

Analytics
-the discovery, interpretation, and communication of meaningful patterns in data (wikipedia)

-the process to uncover hidden patterns, unknown correlation, and other useful information that can help organizations make
more informed business decision

opportunity activity benefit

BIG DATA DATA SCIENCE SOCIAL COMPUTING

large, fast, complex the science to extract quantification of human / social
the nV’s data knowledge / pattern from data behavior

methodology application

SOURCE o INSIGHT

. . . Discrete Maths ; . .
review, opinion, Information Theory market segmentatlon, risk analytlcs

Combinatorics

historical data, Decision Theory information dissemination,
. Machine Learnin, .
conversation, : recommended investment, fraud
IR Ecornometricians Data Viz Buiders . .
network AT .. detection, personalised adv, customer

. . o ) : SCIENTIST Ul L. .
friendship, CCTYV, : acquisition and retention, purchase
Vlog, location behaviour, early detection event
tagging, etc - BUSINESS | IEEORTATION brand awareness, etc
&8Ing, ,. j SYSTEMS ’

Computer Science




BIG DATA Taxonomy :

Data Science Body of Knowledge

No Name
| Data Analytics
2 Data
Engineering
3 Data
Management
4 Research
Methods and
Project
Management
5 Business
Analytics
6 Domain

Knowledge

Knowledge Area

Statistical Methods, Machine Learning, Data Mining, Predictive
Analytics, Computational Modeling / Simulation / Optimization

Big Data Infrastructure & Technologies, Infrastructure & Platform
for DS Apps, Cloud Computing Tech, Data & Apps Security, Big
Data System Organization & Engineering, DS / Big Data Apps
Design, IS to support DSS

General Principle & Concepts in Data Mgmt and Organization,
Data Management Systems, Data Enterprise Infrastructure, Data
Governance, Big Data Storage, Digital Library & Archives, Data
Curation, Data Preservation.

Research Methods, Project Management

Business Analytics Foundation, Business Analytics Organisation and

Enterprise Management

Scientific Subject

Computing Methodologies, Mathematics of
Computing

Algorithm & Complexity, Architeture &
Organization, Computational Science,
Graphic & Visualization, Information
Management, Platform Based Dev., Software
Engineering

Data (Governance, Architecture, Model &
Design, Storage & Operations, Security,
Integration & Interoperability, Warehousing
& Bl, Quality), Metadata, Reference &
Master Data

Project (Integration Mgmt, Scope Mgmt,
Quality, Risk Mgmt)

Business Analysis Planning & Monitoring,
Requirement Analysis & Design Definition,
Requirement Life Cycle Mgmt, Solution
Evaluation & Improvements
Recommendation



BIG DATA Taxonomy:

Body of Knowledge (Data Analytics)
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BIG DATA Taxonomy:

Body of Knowledge (Data Engineering)
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BIG DATA Taxonomy:
Typical Works

Social Network Analysis / Network Data / Graph

P Analytics

Text Mining / Semantic Analysis

Unstructured Data

Data Mining / Machine Learning

Structured Data




BIG DATA:

Supporting Technologies

Prescriptive / Predictive Analytics
Artiticial Intelligence Stream Processing

Machine Learning

Social Media Analytics

How can (Big) Data Analytics help!?

by describing the phenomenon, by predicting the value, by estimating
the future outcome, by optimizing the resources and the decision, by
simulating all the possible scenarios ..



BIG DATA:
Talent Requirement

Data Scientist:

The Sexiest Job of the 21st Century

ben Jonathan Goldman ar-

Meet the people whe

can coax treasure out of
messy, unstructured data.
by Thomas M. Davenport
and D.J. Patil

rived for work an Bune 2006

ar Linkedin, the business
netwark ing sie, the place still
Felt like a start-up. The com
pany bad just under 8 million
accounts, and the numbser was
powing quickly as existing mem-
Bers invited their friends and cal-
league s 1O jain, BUr users weren
sevking cut connections with the people who vwere al ready oa the site
ak the rate execukives had expected. Something was apgarent ly miss-
ingin the saetal axpenenee. A oo Lmbead bn esansger put it, *it was
li ke arrmang at 3 comference recep ion and realizing you don™t know
anyaaine, SO you mst stand @ the cooner Sipping vaar di ink—aind you
P h'*.\'o"l}' \'.‘-‘- o'i'.’n'.',. o

70 Marard Banes Arees Octeber 2012



BIG DATA:

Talent Requirement

DataJobs.com

Statistics
Discrete Maths
Information Theory

Combinatorics
Decision Theory
Machine Learning

Mathematics
Expertise

Technology;
Hacking Skills

Econometriclans

Management
Sclentists DATA

PR SCIENTIST

DATA
SCIENCE

INFORMATION
SYSTEMS

Computer Science

Business/Strategy
Acumen

Software Engineering

Systems Development

Business analytics requires a combination of expertise
across business, information systems and mathematics.
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2. Big data to bridge time-lags of official statistics

J. Big data as an innovative data source

and support the forecasting of existing indicators

In the production of official statistics

1. Big data to answer “new guestions™ and produce new indicators

source: Gabriel Quiros (IMF Statistics Department)



THE COMPLEMENTARY METHOD

STATISTICS DATA MINING

Confirmative Explorative
© SmallDaaSet argaDataSet
© Small Number of Variable Large Number of Varizble
 Deductive (no predictions) ducive
""""""""""""""""""" NumericData ~ Numeric and Non-Numeric Data
""""""""""""""""""""" CleanData  DataCleaning

source : Data Mining and Statistics :Whats the Connections ? (Jerome Friedman)



OPPORTUNITY

provide granular, micro data

» provide relatively fast and cheap process

* machine learning methods and evaluation maturity

- Big Data initiatives towards future and sustainable economic activities
uncovering hidden truths\

CHALLENGES

* hard to find right talent

» financial resources

 Big Data often populations study, so no sampling error => methods familiarity
* data quality + costs + security < benefit



BUSINESS CASE



TOP BRAND ALTERNATIVE MEASUREMENT BASED ON
CONSUMER NETWORK ACTIVITY *AdvScilet 2017

Abstract:

In Business Intelligence effort, the legacy methodology to
measure product brand awareness use technique such as
surveys, interviews, and questionnaires. This methodology
requires expensive effort to collect data from respondent and
takes considerably time to accomplish. The availability of Big
Data in the form of social media interaction can benefit us.
The conversation and user generated content from social
media certainly can be used to measure brand awareness
through consumer activity. We use Social Network Analysis
methodology to measure the dynamic and evolution of brand
conversations in social media. By comparing the network
properties, we propose new alternative measurement
methods of product brand awareness. Our proposed
methodology is better adapted to large-scale conversational
data in social media. This measurement will also enhance the
current methodology by viewing consumer  opinions as a
whole network and not as separated individual. This study
conducted via social networking conversations on Twitter using
two industry case studies, they are mobile operators and
mobile phone brands in Indonesia
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A COMPARISON OF ECOMMERCE SENTIMENT ANALYSIS FOR

MARKETING INTELLIGENCE EFFORT
CASE STUDY : BUKALAPAK TOKOPEDIA, ELEVENIA

Abstract:The rapid growth of e-commerce market in Indonesia, making various e-commerce companies
appear and there has been high competition among them. Marketing intelligence is important activity to
measure competitive position. One element of marketing intelligence is to assess customer satisfaction.

Pioblem
1denufication

P

Deterimne the
target

P

Deterrmmne the
dara source

Many Indonesian customers express their sense of satisfaction or dissatisfaction towards the company
through social media. Hence, using social media data, it provides a new practical way to measure
marketing intelligent effort. This research performs sentiment analysis using naive bayes classifier

classification method with TF-IDF weighting. We compare the sentiments towards of top-3 e-commerce

sites visited companies, they are Bukalapak, Tokopedia and Elevenia. We use Twitter data for sentiment
analysis because it's faster, cheaper and easier from both the customer and the researcher side.The

purpose of this research is to find out how to process the huge customer sentiment Twitter to become
useful information for the e-commerce company, and which of those top-3 e-commerce companies has
the highest level of customer satisfaction. From the experiment results, it shows the method can be used to
classify customer sentiments in social media Twitter automatically and Elevenia is the highest e-commerce

Y

Crawlmp data

n 2

Crcatc traming
and testmg data

Y

Result and

conclusion of Lhe

I

Text classification

Machine Jeaming,

-

Prepocessing

with customer satisfaction

Table 1 Example of lext data used in training duta

Figure I The Reseurch workflow

Sentences Sentiment
ladak ada tangrung jawab jawab Negatil
layapan buik Posiul
perjual rugn winbol bantvan Gdak ada Negatl
promo pulsa mantap Positif
cara ribet Negpatif
iklan iklan lucu Positif

Table 1 The resulr of confusion marrix
Classification Class
Positive Negalive Precission
Pred. Positive 338 26 92.86%
Pred. Negative 12 324 9¢.43%
Class Recall 96.57% 92.57%

Tabie 3 Comparison percentage seniiment among Bukalapak, Tckopedia and Elevenia on social media Twitter

COMPARABLE RESULT

Lesting Data Number Scn.tif.ncnt :
Positive Negauve
Bukalapak 943 34 (45.9%) 410 (54.1%)
Takopedia 928 350 (46.2%) 408 (53,3%)
Elevenia 300 163 (46,3%) 180 (53.7%)
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NETWORK TEXT ANALYSIS TO SUMMARIZE LARGE-
SCALE ONLINE CONVERSATIONS IN TELCO BUSINESS
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EFFECTIVE KNOWLEDGE MANAGEMENT USING
BIG DATA AND SOCIAL NETWORK ANALYSIS

Abstract: Knowledge management consists of identifying, creating, representing, distributing, and
enabling adoption of insights and experiences in an organization. One approach of modeling knowledge
management is using network model. Big Data is one of important ICT technological roadmap, which
main function is modelling behaviour and helping organization decision support. Social Network
Analysis is a micro version of Big Data where we can model and establish social network quantification.
In this paper we will show how Social Network Analysis can help organization applying Knowledge
Management strategies and practices by experiment using real-world large dataset contains 360000+
email exchanges between 36000+ employees inside in an organization
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MAPPING ONLINE TRANSPORTATION SERVICE QUALITY USING
MULTICLASS CLASSIFICATION PROBLEM SOLVING PRIORITIES
CASE STUDY : GOJEK AND GRAB

Abstract. Online transportation service is known for its accessibility, transparency, and tariff affordability. These points make online transportation have
advantages over the existing conventional transportation service. Online transportation service is an example of disruptive technology that change the
relationship between customers and companies. In Indonesia, there are high competition among online transportation provider, hence the companies must
maintain and monitor their service level. To understand their position, we apply both sentiment analysis and multiclass classification to understand customer
opinions. From negative sentiments, we can identify problems and establish problem-solving priorities. As a case study, we use the most popular online
transportation provider in Indonesia: Gojek and Grab. Since many customers are actively give compliment and complain about company’s service level on
Twitter, therefore we collect 61,721 tweets in Bahasa during one month observations. We apply Naive Bayes and Support Vector Machine methods to see which
model perform best for our data. The result reveal Gojek has better service quality with 19.76% positive and 80.23% negative sentiments than Grab with 9.2%
positive and 90.8% negative. The Gojek highest problem-solving priority is regarding application problems, while Grab is about unusable promos. The overall
result shows general problems of both case study are related to accessibility dimension which indicate lack of capability to provide good digital access to the end
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DIRECT COMPARISON METHOD OF INFORMATION DISSEMINATION
USING LEGACY AND SOCIAL NETWORK ANALYSIS

Abstract: Big data is a new phenomenon that force organization to find new way to process, to save, and to analyze data in
various forms. Big data challenge is getting bigger and faster but also the opportunities of harvesting information from it.
Organization prefers using big data’s technology for many advantages, mainly because it is cheaper, effective, efficient and

*CST 2017

faster than previous system. In some research area, there are conflicting approach to solve the problem by using legacy
methodology or by using big data approach. One of the fastest methodology in big data approach is Social Network Analysis.
One of research area measured as the research object in this paper is information dissemination. Therefore, this paper
compares information dissemination measurement using legacy methodology and social network analysis. Legacy
methodology draws up a questionnaire or interview to obtain the data about individual or sampleopinion. Meanwhile, Social
Network Analysis use conversational data in social media. We pick a popular information hub twitter account as a case study.
Both legacy and social network methods are applied. The result shows there are differences on how to collect the data, how to
pose the research question and what issues are answered by each methodology. In the end, we conclude whether both
methods are competing or completing each other.
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MONTE CARLO SIMULATION AND CLUSTERING FOR

CUSTOMER SEGMENTATION IN TELCO BUSINESS
*ICST. 2017

Abstract: Utilizing data for segmentation analysis can bring a streamlined way to get potential insight as of decision makingsupport in a business organization. Using
appropriate data analytical technique help the organizations in profiling their customer segments accurately. The result brings an effective marketing strategy. However, there
are times in doing data analytic, the organization needs another variable of data where the value is unavailable, for example: customer’s income data which mostly hard to
collect. By using Monte Carlo simulation, the value of customer’s income can be generated and then compared with customer spending to construct customer segmentation
model. An unsupervised learning for customer segmentation model using K-Means clustering enables us to see the grouping patterns of customer’s income towards their
spending. Clusters of the dataset might be interpreted as a group of customers that having a similar character. This paper shows us how to generate customer’s income data
and create data cluster to optimizing customer potential by utilizing data. Furthermore, the result brings us insight into which group of the customer might unserved properly
considering their average income with their spending behavior.
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REMARK

ethical issue

credibility of the result of machine learning (different algorithm,
different conclusion)

analytics is multidisciplinary

how to assess risk, especially concerning public issues
(unstructured data)

for traditional structured data, it is a matter of parallel
computation / processing based on data mining model



more data means less privacy, more
speed means less accuracy, more
autonomy means less control
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