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| PERSONAL PROFILE C orALINE

Education

« USeyaunlon : Doctor of Philosophy in Industrial Engineering, Data Mining, University of
Texas at Arlington - Arlington, TX, USA

« USeuaunln : Master of Science in Industrial Engineering, Optimization, Lehigh
University - PA, USA

+ USeytuna1s : SAonssumaasuauna aawndAdnssuLAil IwhavnsaiuH1dNegNay

Summary of Qualifications

« Us:aunisaiuinndi 14 U tugnu=nudnu ua:unwcuunlasonis Big Data Us:nauludde Data
Management, Data Modeling, Artificial Intelligence and Data Application

« NIJ8YUKULADUN8A Big Data Series |, Il ua: Ill ua: Road to Data-Driven Organizations

Awards and honors

 The US National Science Foundation travel grant in IIE Annual conference and expo
2013, San Juan, Puerto Rico (2013)

» The best students' research and creativity, The Annual Celebration of Excellence by
Students (ACES) 2014, The University of Texas at Arlington (2014)

» The Best Star Tech: Digital Transformation Leader 2018 by DEPA

Work Experiences

« UN399N The US National Science Foundation
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OUR SERVICES : c ORALINE

Data-Driven _
Transformation Al - Enabled Service

Data Governance Data Management Data Analytics

One stop service

ORALINE : BIG DATA CONSULTATION SERVICE
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| OUTLINE

Type of Al

Al in everyday life

How to develop Al

How to choose the right Al

Are we ready for Al

Data Canvas

Use case
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| TYPE OF Al

o1

Reactive Machines
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| TYPE OF Al

Supervised Learning

Unsupervised Learning

Machine Learning (ML)

Reinforcement Learning

Classifications

Content Fraction

Natural Languarge Procrssing (NLP)

Machine Translation

Text Generating

Image Recognition

Computer Vision

Image Processing

Artficial Intelligence

(Al)

Speech to Text Speech
Text to Speech

Multi - Al Robotics
Planing

C orALINE



| TYPE OF Al C orALINE

Build your own Al Al Enable-Serviced
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| TYPE OF Al

What is Generative Al?

C orAaLINE

Generative Al enables users to quickly generate new content based on a variety of inputs. Inputs and

outputs to these models can include text, images, sounds, animation, 3D models, or other types of data.

What are use cases for generative Al?

Text Generation: Generating human-like text
for tasks like content creation, language
translation, and more.

Image Generation: Creating images, art, and
designs.

Music Composition: Generating new musical
pieces or completing melodies.

Video Synthesis: Generating video content or
modifying existing videos.

Data Augmentation: Creating additional
training data for machine learning models.

Drug Discovery: Generating molecular
structures for potential new drugs.

Style Transfer: Applying the artistic style of
one image to another image.

11



| GPT EXAMPLE

Azure OpenAl + Cognitive Search

GPT + Enterprise data | Sample Chat Askaquestion )

T Clearchat &3 Developer settings

Does my plan cover annual eye exams?

+. QB

Both Northwind Health Plus and Standard plans offer coverage for vision exams ' . Northwind
Health Plus offers coverage for vision exams, glasses, and contact lenses, while Northwind
Standard only offers coverage for vision exams and glasses.

Citations: 1. Benefit_Options-2.pdf

Hearing too?

+. QB

Both Northwind Health Plus and Standard plans offer comprehensive hearing care coverage,
including hearing tests and evaluations, hearing aids, and other associated services. You can

receive hearing care services from any in-network provider and enjoy comprehensive coverage
for all hearing care services * 2.

Citations: 1. Northwind_Health_Plus_Benefits_Details-29.pdf
2. Northwind_Standard_Benefits_Details-29.pdf
Follow-up questions: Does Northwind Health Plus cover hearing aids?

What is Northwind Standard's coverage for hearing tests?  What are "other associated services"?

[fype a new question (e.g. does my plan cover annual eye exams?)

C oraLINE

GPT + Enterprise data | Demo ska question ) Azure OpenAl + Cogpnitive Search

{83 Settings

Are out of network providers more expensive than in-network ones?

+, QB8

Yes, out-of-network providers are typically more expensive than in-network providers.
According to the information in ' and ?, out-of-network providers can be
significantly more expensive than in-network providers, which is why Northwind
encourages its employees to choose in-network providers to get the best value for their
health care services.

Citations: 1. Northwind_Standard_Benefits_Details-8.pdf

2. Northwind_Health_Plus_Benefits_Details-107.pdf
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| AIIN EVERYDAY LIFE

LEROY-MERLIN POLSKASP. Z 0.0.
ul.Targowa 72, 03-734 Warszawa
SKLEP LEROYMERLIN GTiwice
Al.J.Nowaka Jezioranskiego 3
Nr rej 00000003773 Tel. (gszggoos—eo
NIP 11
2018-08-06 nr  wydr.127273
PARAGON FISKALNY
43826671  SZYNA DD MONTAZU SZAFEK 200 CM
1980 1980 A
43826713  ZAWIESZKA DO SZAFEK TWORZYWO 8
780 780 A
43826713 ZAWIESZKA DO SZAFEK THORZYWOB
780 780 A
40479355 TYP D WKRETY UNIWERSALNE
0,036 28,06 1,01 A

Sprzed. opod. PTUA 36,41
KWota A 23,00% 6,81
Podatek PTU 6,81

SUMA PLN 36,41
00059#001Serwi
39CKE- VUSVI. VOMCH-KJ6BF-2T30A
FE BAE 09235164

Platnosé KARTA BANKO  36.41
Nr transakcji 022-005-000006 4114
Karta 2046026857936

DOM- TWoje punkty naliczymy jutro
ZAMONIENIANA TELEFON:32/300 88 39
ZAPRASZAMY PONDWNIE

Www.1eroymerlin.P1

C orALINE



| Al IN EVERYDAY LIFE

< Notes ©® Done
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iPhone Text to Speech

VS.
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Try saying something

. Q -

Google Text to Speech

“ddAA: one two tree four five six seven eight nine ten
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| Al IN EVERYDAY LIFE
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| AIIN EVERYDAY LIFE

% frmMain
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| Al IN EVERYDAY LIFE

C orAaLINE
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| AIIN EVERYDAY LIFE

TULAAaNENT

Q Al &) Images [2) Videos Q Maps
About 302,000 results (0.35 seconds)

Showing results for Tutaawensal
Search instead for Tuwpamans

(=) News

: More

.

Settings
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| Al IN EVERYDAY LIFE

£

N

Send

Default (GPT-3.5)

what is generative ai

Generative Al refers to a category of artificial intelligence techniques and models that are
designed to generate new data, content, or output that resembles existing examples. These
models are capable of creating original content that is similar to the data they have been
trained on. They are often used in creative tasks such as generating text, images, music, and
more.

One of the most prominent examples of generative Al is the class of models built using the
Generative Adversarial Network (GAN) architecture. GANs consist of two neural networks, a
generator and a discriminator, which are trained together in a competitive manner. The
generator creates new content, such as images, and the discriminator evaluates how similar
these generated images are to real examples. Through repeated iterations of training, the
generator becomes increasingly adept at creating realistic content that can be difficult to
distinguish from real data.

Another well-known example is the series of models from OpenAl's GPT (Generative Pre-
trained Transformer) series, including GPT-3. These models use a transformer architecture
to generate text based on a given prompt. They have been used for various language
generation tasks, including writing articles, answering questions, creating poetry, and more.

Generative Al has a wide range of applications, including:

Text Generation: Generating human-like text for tasks like content creation, language
translation, and more.

Image Generation: Creating images, art, and designs.

Music Composition: Generating new musical pieces or completing melodies.

Video Synthesis: Generating video content or modifying existing videos.

Data Augmentation: Creating additional training data for machine learning models

‘G Regenerate

C oraLINE
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| HOW TO DEVELOP Al

TRAINING SET

TESTING SET

C oraLINE

RESULT

22



| HOW TO DEVELOP Al C orALINE

DuAUS:=NDUUDVNISWCUUN Al

Data System Objective
Algorithm Expert and Clear
Design Plan
Develop

Test
User Experience

23



| AI-ENABLED SERVICE

TRAINING SET

TESTING SET

CoraLINE

RESULT

24



| WHAT YOU NEED TO CONCERN ABOUT DATA MINING C orALINE

TRAINING SET

DERIVE ESTIMATE
MODEL ACCURACY

__________

DATA

TESTING SET

Train to get the model >>>>> Y =95.79 - 0.50*X

Test to see the expected value and compare with the real one >>>>> i.g. when X =80

Y =95.79-0.5%80 = 55.75

Real value Y = 68.24, means that there is 18.30% Error

25



| BASIC OF MACHINE LEARNING C orALINE

Machine Learning Algorithms (sample)

UNSUPERVISED #% SUPERVISED

CONTINUOUS — — CONTINUOUS
CLUSTERING Regression
& DIMENSIONALITY REDUCTION Linear
sSVD Polynomial
PCA Decision Trees
K-MEANS Random Forests

Neural Network
Multivariate adaptive regression splines

DISCRETE 7/ CATEGORICAL — — DISCRETE /7 CATEGORICAL
Association Analysis Classification
Hidden Markov Model KNN
Co-occurrence Grouping Trees
Similarity Matching Random Forests

Naive-Bayes
Neural Network



| CLUSTERING MODEL
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C orAaLINE

| CLUSTERING MODEL

DBSCAN Clustering
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| How to choose the right Al C orALINE
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| MODEL EVALUATION

e Speed

Accuracy

« R?or RMSE
¢ Mean absolute percentage error (MAPE)

where At is the actual value and Ft is the forecast value.

e Accuracy

« User experience

Robustness

Row AT Vv AP RH PE Exp PE | %Error
1 14.96 41.76 | 1024.07 | 73.17 463.26 463.652( 0.084612
2 25.18 62.96 [ 1020.04 | 59.08 444.37 | 443.9441| 0.095833
3 5.11 39.4 1012.16 | 92.14 488.56 | 489.3618| 0.164113
4 20.86 57.32 | 1010.24 | 76.64 446.48 | 448.4284( 0.436401
5 10.82 37.5 1009.23 | 96.62 473.9 | 473.4384| 0.09741

C oraLINE

[ MAPE = (0.084612 + 0.095833 + 0.164117 + 0.436401 + 0.09741) / 5= 0.17567%

31
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| Are we ready for Al

C orAaLINE

Cio

Data
Governance

.‘.

Al Policy

Al Evaluation

Y

Action Plan

33
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CDO

Chief Data
Officer
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| DATA GOVERNANCE c ORALINE
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| mssssunAuladoya

Data Governance
n1s>vulgurelumsiiAuquadoya

AuRDaudAtunaa Ao
usnsUoa
(Data Steward)

C oraLINE




| DATA GOVERNANCE PLATFORM: DATA CATALOG BEFORE & AFTER c ORALINE
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| cT:Jaehomsﬁoﬁulolﬁuaﬁuﬁaqa CoraLINE
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| AIPOLICY

Al ETHICS

Al GOVERNANCE

CoraLINE

Al ETHICS ﬁaHa‘nmsmoo%sssuﬁdaaiﬁtsqs‘ugﬁomwugﬂﬁao HSDADIU
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| AIPOLICY C oraLINE

Al governance aspects inclusion:

Ethical Guidelines Stakeholder Engagement

Regulation and Policy International Collaboration

Bias and Fairness Education and Awareness

Safety and Robustness Legal and Liability Frameworks

Transparency and Accountability _ Research and Innovation

Data Privacy and Security Adaptability and Flexibility

|/ 4




| AIETHICS C oraLINE

Al Ethics is the term given to a broad collection of considerations for responsible Al that combines safety,

security, human concerns and environmental considerations.

Example of Key ethical considerations in the realm of Al include:
Fairness and Bias 0 Long-Term Consequences
Transparency and Explainability 0 Equity and Accessibility
Accountability and Responsibility Dual-Use Concerns
Collaboration and Global Perspectives

Privacy and Data Protection

Fairness and Bias Ethical Research Practices

Beneficence and Non-Maleficence Public Engagement 41



| AIPOLICY

Robot rights

Al what about point should machines
or robots acquire legal right (if ever)?

Arms race

Should we allow autonomous
weapons and strong Al to get into
the wrong hands?

Inequality

How do we ensure that the benefits
of Al are shared by all?

Employment

Everything that can be automated,
will be - what next?

Al policy
questions

C orAaLINE

Artificial stupidity
How we avoid critical errors that can
cause harm?

Bias

How do we prevent biased Al?

Control

How do we control self-learning
systems to ensure the right
outcomes?

Security

How we prevent hacking & malicious
repurposing?

42



| AIEVALUATION

TEST

C orAaLINE

Al TESTING LIFECYCLE REQUIRES A DIFFERENT APPROACH

TEST CYCLE
CLOSURE

TEST
EXECUTION

REQUIREMENTS
ANALYSIS

TEST PLANNING

TEACH

TEST DESIGN/
TEST DATA
PREPARATION

43



| AI ACTION PLAN

Who takes responsibility?

How Al work?

What is the risk of using Al?

How to deal with the errors?

How to collect the feedback?

C orAaLINE

44
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| WHAT IS DATA CANVAS? C oraLINE

Data Canvas is a strategic template
used for validating the scope of the
data analytics project



| CONCEPT DIAGRAM C orAaLINE

Data Source Gateway / Data Data Data Data Data Data Dashboard /
Integration Lake Transformation Warehouse Model Mart Outcome
- [ 1
Primary Source I o ) I
iy : ) | :
1 1 !
(= | (@ : :
1 1
el b = ="
! ! 1 Machine Learning Tool 1
' ' Batch ETL I o ) '
' | Management (s .
M — — \ Jupyter 1 Business
® o .0 Massive Parallel ! .V : Intelligence
Secondary Source o E o Processing Management : — I
oo oTTTmmm T : 0.7 | ! Jupyter Notebook '
N B gL — e |
! Data Streaming = @ = ! -
! 1 Management —— b [§] | 1 ——
: | e o e
1 ! .
________________ ! = Data Lake Batch ETL Group of : Mas_swe Parallel : Group of Web
External Source — Management Data Warehouses : Processing Management : Data Marts Application
_________________ - '
1 1 N - I
\ FacebooklaD Data Replication h by 1
1 1
(1 el | | e NS N[I
1 1 1
1 . 1 1 . !
: ’ Twitter API :_ Database Job : NLP Engine :
: 1 Scheduler 1 : Real Time
: ?’A Geography APl | | ' i Dashboard
' ' ETL Job Scheduler ' '
|___Graph Analytics __ |
Network and Security System Monitoring and Alert Data Governance Platform System Console
G & i\ D I
D
VPN Network Log Ingestion Notification and Monitoring Dashboard Data Governance Data Governance System Resource
Management Management Management Alert Management Management Platform’s Database Platform Manager

| I 1 J 47
1 I
Data Management Data Analytics
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| DATA CANVAS C orAaLINE

Project Name : Clients: Date:

Problem / A Analytic H
Current Situation Data Source % Feature Models Outcome |!|i

Objective End-User

Benefit /

Stakeholder Timeline &E) Working Team
Impact




| PROBLEM / CURRENT SITUATION

Why we need the solution?



| BUSINESS CASES: LOCATION EVALUATOR

Problem:

Location Evaluator Technique is unclear

Data Sources are separated

Management team spends more time in
location evaluation

The sale prediction is not accurate

C oraLINE

Current Situation:

Sale teams look for the potential
area by driving pass by and search

for the information support

Management team evaluate the

proposed location by judgment
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| OBJECTIVE CoraLINE

What we are going to do?



| BUSINESS CASES: LOCATION EVALUATOR

i ' '
3 4

2
\*" LOCATION EVALUATOR
-
4 Improve business decision making by identifying potential location for opening new
v p branch and station

— < BBET oy
Location Clustering

internal and external features.

Location

Cannibalization >XXK
Analyse the impact of new location
to current location’s revenue.

4

Location segmentation using @

C orAaLINE

Location Scoring
Analyse and identify potential
location for opening new
branches.

New Location
Recommendation

Suggest new location for new
branches.



| DATA SOURCE CoraLINE

Write down the Data Source, Data Type,
Data Size and some other details to make
sure that we have data availability.



| BUSINESS CASES: LOCATION EVALUATOR

Data Source

Data Type

(Master or
Transaction)

Data Size

Growth Rate
per Month

C oraLINE

Update
Frequency

Ingestion
Channel

Station

1 Information
(Jayaani)
Product

2 Information

(Joya waanwumn)

Sales Volume And

3 Revenue
(gpqurgsigLdiou)
4 Location Insight

5 Traffic Volume

Excel File - From Branch
Dept.

Website (Databas)

SAP

POS / SAP

Excel File - Network Dept

Excel File - Network Dept

Master

Master

Master

Transaction

Master

Transaction

10 GB

5GB

5GB

50 GB

1GB

1GB

100 MB

100 MB

100 MB

1GB

100 MB

200 MB

Daily

Daily

Daily

Monthly

Quarterly

Quarterly

Internal Share Drive

System ETL

System ETL

System ETL

Internal Share Drive

Internal Share Drive
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| FEATURE

1 \J

A l
A “feature” is a medsurable trait of the subject being
studied. Some features are shown as columns in the
dataset, while others are crafted through a process

called feature engineering, involving the extraction
and transformation of data to create new insights.




| BUSINESS CASES: LOCATION EVALUATOR

1 Station Information (Jayaaani)

2 Product Information (Joyawaasnsun)

3 Sales Volume And Revenue
(goquigsigLdnu)

4 Location Insight

5 Population

6 GIS (Jayaauu)

7 Traffic Volume

8 Driving

Jayanslu: sHaua:gaand uunawui uunaKiK310 WUl
aswas Usztnnaand Laznaasaunndvuieg

Suaida Ua ua:uadsuldsv
msUsing (MsuavlRu, ANugothe, ..)

Uhiu: Usztnndiu sian, $uazadnda wazsuauw

gpaugnAnaantunsigidaunviiu $ua:aonds ua:5u
AW

amuiaAey (POI), yuBu KEDHYUU (Community), chuHuv
Auyv (Competitor)

ranala (Milestone)

Jayanauus:sIns La:ATUANUTULBOWUAS:AU Grid
100mx100m

Us:tnnauu K$onowLAY Lazdudutauauu
UpyauSuNuSadtYdSUDVEIUWIHU: LCa:LIduUaUU

AANvAISIQusa NISLagd AsnaUsa ta=chuKuvuavugn

C oraLINE

SAP

Excel File o1nMaquaaiv
WebApp Database

SAP

POS

3rd Party Data Provider

Excel File 91nrhod1soolAsvung

3rd Party Data Provider

3rd Party Data Provider
Excel File 91nrod1sooLAsSaung

3rd Party Map Service Provider



| ANALYTICS MODEL C orAaLINE

What can we do
about it?

—= Production planner

What will happen?

i 2
Why it happened: —= Demand Forecast
What happened? —= Waste reduction

—= Segmentation
—= Sales Forecast

—= Process Analysis .
4 —* Promotion Planner

Clustering —e Promotion Forecast

—= Product/Service Analysis Prescriptive

——= Correlation

Predictive

o Seeing the action ir? a scenario
Descriptive likelihood of a emphasizes
e Interpretation actionable insights

: coming event
° Uncovering Data

—= Stakeholder Analysis

Identifying best

. Turning insights : _
Gathering Data Question into individual solution given a

e Identifying Correlation
e  Getting Value out of
Data

variety of choices

Summarizing cases

Data Aggregation



| ANALYTICS MODEL

ANALYTICS
MODEL

O&j

Classification

Regression

Clustering

Co-occurrence Grouping

Similarity Matching

CoraLINE
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| BUSINESS CASES: LOCATION EVALUATOR C orALINE

Location Analysis

SOURCE INTEGRATION STORAGE MODEL OUTPUT

Sale
Product ID

Payment Type —> A [ Branch Clustering
Branch ID

(0

Sale Transaction

Area Size
Road Type
Width

Branch Type > A [ Feature Important

m
e o 00

Station Attributes

Road Name
Road Type
Traffic

Traffic Data Time Stamp L = New Location
o

m
e 0o 00

Forecastin
P [ g

.-
By gS=-
Distance Matrix a [:M:]
No. of Turn

Speed

Location Data Batch ETL Data Lake & = & Cannibalization
(Google API) Management Data Warehouse

L

Data Mart

Performance Report

Distance Matrix
No. of Turn
Competitor Name

Competitor Data F——- A [ Location Scoring

]

<

( Google API)

Location Name
Distance Matrix
Location Type

No. of POI Ll [ Location

API

=
Notification
system

m
e 0o 00

Point of interest Recommendation

LT T T T 7
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| END-USER CoraLINE

End-users are persons
who ultimately use the product
or monitor the desired result.
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C orAaLINE

What the result should be in term
of product or physical output.




C oraLINE

| OUTCOME
Performance Report Bl
In case: In case:
To view the Data Visualization
information report dashboard
API ‘ Web
In case: In case:

To be able interact with

To Connect to
a web application

another systems such
as notification, email



| BUSINESS CASES: LOCATION EVALUATOR

Location Recommendation

Region:

AvKua

87

UASHKaow
4

o

87

Province: Reason:

v nvkua v fvKua

Location Reason

Unusid

Cluster: yUBUKUILLULIN

District: &13nm

Subdistrict: Gudwsoe

Region: nAnaw

Route: UWU=3U - AAYWS=ENFISUNS

Potential Area

=
uia

Cluster: yUBUKUULULIN
District: tlavyuia
Subdistrict: n=su
Region: matd

Route: O

New Business Area

=
uia

Cluster: yUBUKUIULULIN
District: tdavntia

New Business Area

22 17

dauaauaw

34 24

dauaauuu

Cluster: Feedback:
o yusuKULLLGRY
YUBUKLILLUUIUNAY
YUBUKLLLLU 8 guBuKLILLuLIn
Sale Prediction Detail
oil 783,714 Sale score
7-n 102,060 Sale overall score
Cafe’Amazon 209 Cannibalize score
Qil 884,727 Sale score
7-n 83,859 Sale overall score
Cafe’Amazon 142 Cannibalize score
oil 922,605 Sale score
7-n 75,984 Sale overall score
Cafe’Amazon 138 Cannibalize score

76.32
89.03
90.46

79.90
87.04
77.70

79.35
86.63
74.53

as3uan
19
a

39

-3 3

Feedback

Feedback: -
Reason: -

=

Feedback:

TWworsunaamitku E’l El"
Reason:

OoudGrRANMISULAD

Feedback:

Tiworstundaamitku z E‘,’

Reason:
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| BUSINESS CASES: LOCATION EVALUATOR

HOME  LOCATION RECOMMENDATION ~CMS  DATA STATUS = PERFORMANCE REPORT Admin~  admin coraline ¥

. e &\

New Station Scoring Heatmap

Radius:
Calculate your new station location sales, 1Km
cannibalization, and location detail analysis O 3Km

a=aga aavdga
v ¥

e.g. 13.866780 ‘ ’ e.g. 100.609506 ‘

]
=

~ uwnadau (Auwaasamd):

‘ 15 v MsWwN

eg. 4 ‘ ‘ eg. 0 eg.10

Kindwamdusmsthiulwas)

e.g. 60

Us=tanouu

---- |danus=tanouy ----

nuu(tau)

---- (@annuu(lau) ----

SUK30dUNsUSINTS,

JvKIQ

C orAaLINE
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| BUSINESS CASES: LOCATION EVALUATOR

HOME LOCATION RECOMMENDATION CMS DATA STATUS PERFORMANCE REPORT Admin~  admin coraline ¥
TN S SRS LSS Y ..LP‘ B SEN (RS SSE SOy B AEEr OSSR £ SERSEIE ) Tay TS SHS T, U = | il IR TSEEE B
Sales Forecast <. donuu: Thanon Phloen Chit lau: auu 6-8 1au Gtm=naw/dguuiu 5 '
7 wa/dna: Unusu  S9K30: NSUINWUKIUAS  Uanau [fuwaaswanid): 5-40-40 18

gasohol_e20 [Litre/month] . Competitor

L5

x| =] 120,068 1\’ Heatmap
i s 2 © Radius:
(- gasohol_91 % 4 2 =
i 1Km

| - 159,291 4

& O 3Km
ulg9s 5 Km
N ( 12,165

= gasohol_e85
1

] ] 20,112 N
: ),
= gasohol_95_premium

= — 212,240 7
i hsd
=

: o] 181,860
o hsd_euro_5
i ( 1,533
| Total !

= .| 717,270 |

: 2.
8 7-1 [baht/day] | .,
: e 100,402 {l -
T B cafeAmazon [cup/day] |
iy

4 .|
t
.. Cannibalization 2

pbl cd 0000103012

C orALINE
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| BUSINESS CASES: LOCATION EVALUATOR c ORALINE

FEATURE IMPORTANCE

CLUSTERING MAP: STATION AND GEOGRAPHY V




| STAKEHOLDER CoraLINE




| BUSINESS CASES: LOCATION EVALUATOR C orALINE

o

Analytics
Team

Network
Department



| BENEFIT / IMPACT




| BENEFIT / IMPACT

.. I
Impact and Effort Score

-~

. . . Impact
Project 1: Gas Station Location Revenue
Project (] Cost

extension Reduction
Revenue 10 Hardware / Infrastructure 1
Cost Reduction 1 Software 1 Corp. Image
Corp. Image 9 Implementation 1 Effort Hardware/
Infrastructure
Project extension 4 Internal man-year 1 ?g
10
Sum 24 4 Internal ST
man-year
Total Score 20

Implementation



| TIMELINE C oraLIN

MO M1 M2 M3 M4 M5 M6

1. Project Initiation -

7. Project Closure and Project Transfer .



| WORKING TEAM C orAaLINE

i

DATA MANAGEMENT DATA ANALYTICS APPLICATION BUSINESS
+ DATA ENGINEER « DATA SCIENTIST » FULL STACK DEVELOPER « BUSINESS ANALYST
* SYSTEM ENGINEER « DATA ANALYST + QA ENGINEER « PROJECT MANAGER
+ CLOUD ENGINEER « DATA VISUALIZATION
+ IT SUPPORT DESIGNER/BI Dev
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CHALLENGING
During Project Development




| CHALLENGING

K
— T
e

C oraLINE
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During Project Development

-

w2 w

D

7
A

Unclear
Objective !

Unavailable
Data

Separated
Data Sources

b

Requirement
Change

Lacking of I
Expertises

\/’\/3/'

- N
=

= v

@yl W Wia o

Incorporate User

N\

User refuse to use the
result

No Data Dictionary

Lacking of Technology

Communication
Problem

"Wz

Unprofessional
Consultant (No
Implementation
Experience)

Undefined Data
Owner

Management do not
pay attention or
support
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OTHER USE CASES




| USE CASE

Al deep learning tool called Sybil to predict lung cancer risk

The researchers developed a deep-learning A.l. model using
data from 15,000 participants. Altogether, they used 35,001 low
dose CT scans to train and develop their model, and 6,282 to
test their model with 92% accuracy across all test data sets
after 1 year, 86% after 2 years, and a probability (C-index) of
75% after 6 years.

C orAaLINE

Concerns:

Q Risk Management

Q Error Responding



| USE CASE

Al Fraud Detection for Credit Card

~ Credit Card Fraud Detection

Fraud detection solutions use two ML techniques — supervised
and unsupervised learning.

Unsupervised learning techniques will be analyze available data and
find patterns of fraudulent behavior. When the typical patterns are
identified, supervised machine learning goes in to build a model and
fine-tune it on larger datasets. As such, the models are delivered to
software developers to be integrated into the working e-commerce
platform, payment processing software, or other system used by a
merchant or service provider.

C orAaLINE

Concerns:

Q Risk Management

Q Error Responding



| USE CASE C orAaLINE

Chatbot for Customer Service

Concerns:

HOW AN Al CHATBOTS WORKS

Q Training Data
@~ (R]&r (2

Input from Analyze User’s Identify intent Compose Q Test Resu lt

a user request and entities reply

Q Risk Management

Q Error Responding

A chatbot collects users' input, analyses it and provides the most
relevant answers based on its predefined database or machine
learning process using NLP technique.



| USE CASE

Al Personalized Shopping

Artificial Intelligence has become the backbone of personalized
shopping. Al algorithms can analyze vast amounts of data to
identify patterns and make predictions about a customer’s
preferences and behaviors. This allows businesses to tailor
shopping experiences to individual customers in real-time.

C orAaLINE

Concerns:

Q Risk Management

Q Error Responding



| USE CASE

Autonomous Vehicles

HOW ADAS WORKS

Al software in the car is connected to all the sensors and
collects input from Google Street View and video cameras
inside the car. The Al simulates human perceptual and
decision-making processes using deep learning and controls
actions in driver control systems, such as steering and brakes

C orAaLINE

Concerns:

Q Risk Management

Q Error Responding



We are the leader in
Big Data Solution
and Al Implementation.

Follow Us
www.coraline.co.th | info@coraline.coth

With CORALINE .Co., Ltd



