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BEREIEFIEEETE (Global Data Science Conference ) fRHEHERIE L,
(Data Science Central ) ER¥ 2 L RIIENTE & - AGaiiA B S EEHE EER T
PRI > EEESREIE - AT ~ 18558278 ~ Hadoop ~ VJH4E Fatd -
BRI SR AR B AE A ROt S i FE S BB B AR P EITT Ry SR TR
5y~ BEPEEHE - SRR T EERE T REEIE - Yt LR RE A Ry
MBS DL BE PR (L AR %5 - 78 & St A ) BB B2 P R 4 AT R S A 3 1B
%@ °

FRYBHECEWPAGSET - ElRH - TEEHSIESIRZ 2R &R
SRR AR B SR REVE R OR 2 B T H - RERIEEE AT ~ HEL
HERREIRA - T AR B R SL B - ZXIRE 2N 2016 - BREUER
ST E > DIBGEEIRIERE Y] M ERVE RN BRI E < - AR
AEBUTHRBART BRI & RMEE - (BL BT &R S E - FE £ ERAH

EfE -



2016 FREREIERIEASE 3 H 72 9 HNEBIEEwAAZ N - BEE1E)

BIAHEIEIRAIBZEN SR TE - 8 20 T BIERIEE IR E R T3 - M

N R E B A R Rt R T B R e L

http://globalbigdataconference.com/67/santa-clara/global-data-science

-conference/event.html

atere gl N

*1HE

Day-1 (10543 H 7 H)

9:00AM - 12:00 PM | Introduction to Machine Learning & Predictive

Analytics using R Workshop

(Sudhir Wadhwa, CTO, DataTiles.10)

1:00PM - 1:40PM An Analytics Odyssey: From Predictive to Cognitive

(Piyush Malik, Director, IBM)

1:50PM - 6:00PM Introduction to Machine Learning & Predictive




Analytics using R Workshop

(Sudhir Wadhwa, CTO, DataTiles.10)

Day-2 (10543 H 8 H)

9:00 AM - 9:40AM

How Comcast uses Data Science and Machine Learning

to improve the Customer Experience

(Jan Neumann, Data Science Team Lead, Comcast)

9:40 AM - 10:20AM

Big-Data analytics misconceptions

(Irad Ben-Gal, Chairman & Professor, Stanford

University)

10:40 AM - 11:20AM

Hunting Criminals with Hybrid Analytics

(David Talby, Chief Technology Officer, Atigeo)

11:20 AM - 12:00PM

Detect Sensitive Data 1n Hadoop Clusters

(Benoy Antony, Founder, DataApps)

1:00PM - 1:40PM

Monitoring and Troubleshooting Real-time Data

Pipelines

(Alan Ngai, VP of Engineering, OpsClarity & Premal

Shah, Co-Founder, 6sense)

1:40PM - 2:20PM

Netflix Keystone - How we built a 700B/day stream

processing cloud platform in a year




(Peter Bakas, Director, Netflix)

2:20PM - 3:00PM

Create 1mpact at scale by data-driven applications

(Leo L1, Analytics Leader, LinkedIn & Wendy Shi,

Manager, LinkedIn)

3:20PM - 4:00PM

Predicting The Future: Surprising Revelations From

Truly Big Data

(Pushpraj Shukla, Principal Data Scientist,

Microsoft)

4:00PM - 4:40PM

Detecting Anomalies in Streaming Data, Evaluating

Algorithms for Real-world Use

(Alexander Lavin, Research Engineer, Numenta)

4:40PM - 5:30PM

Keynote Panel: The Future of Data Science

Milind Bhandarkar(CEO, Ampool) - Moderator

Peter Bakas(Director, Netflix)

Leo L1 (Analytics Leader, LinkedIn)

Pushpraj  Shukla (Principal Data Scientist,

Microsoft)

Mike Tamir (Chief Science Officer, Galvanize)

Alexander Lavin (Research Engineer, Numenta)




Day-3 (10543 H 9 H)

9:00 AM - 9:40 AM

Using Analytics to Drive Change in the Workforce

(Genetha Gray, Data Scientist, Intel)

9:40 AM - 10:20 AM

Random Forests: How a Chance Driven Learning Machine

Does So Spectacularly Well on Marketing Datasets

(Dan Steinberg, CEO, Salford Systems)

10:40AM - 11:20 AM

Structuring Data for Self-Serve Customer Insights

(Jim Porzak, Data Scientist, DS4CI)

11:20AM - 12:00 PM

Case studies 1n connecting Devices to cloud -

experience of an Indian Startup

(Janakiram Dharanipragada, Senior Researcher, IIT

Madras)

1:00 PM - 1:40PM.

Building a Predictive Intelligence Engine

(Viral Bajaria, Chief Technology Officer, 6sense)

1:40 PM - 2:20 PM

Predictive Analytics, Inventory Management, Machine

Learning, Ecommerce

(Paolo Massimi, Director, Stitchfix)

2:20 PM - 3:00 PM

How to Build a Better Network of Community Care

Providers Using Data




(Mohamed Elmallah, Manager, Children's Hospital of

Los Angeles)

3:10 PM - 3:50 PM

User behavioral predictive analytics through deep

learning-based emotion recognition

(Jr Alaou1, CEO, Eyeris)

3:50 PM - 4:30 PM.

Hybrid Artificial Intelligence

(Manuel Ebert, CEO, Summer.ai)

4:30 PM - 5:30 PM.

Solving Business Problems With Data Science

Krishna Sankar (Chief Data Scientist,

Blackarrow. tv)

Robert Bernard (Data Scientist, Boeing)

Mohamed Elmallah (Manager, Children's Hospital of

Los Angeles)

Shankar Vedaraman ( Manager, Netflix)
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1. NeEs e TR MT—fER R TAEHi (Introduction to Machine Learning

& Predictive Analytics using R Workshop)

REAE—EEAGES - Suatoth RAGETHRERVEE GIRET - Hog % Hos MRy
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2. AT R SR 2R S A B3 2R - &% e (How Comcast uses Data Science
and Machine Learning to improve the Customer Experience)

BaEt  FRIRENIERCE 3 2 5S/NFBEEG - KRG T —FAYIRFERF

[ o A6 T SRR I (B s P E A TS A A = 5 [ 2 - 1B A

PR B35 - 555 S CThRE AT - EEHREY 2 T 2 BE M - figh

TECEGI ~ B~ TP R o BB R SRR H KRR -

METADATA o .
PROVIDERS ~ DISCOVERY
| CONTENT CONTENT
PROVIDERS
IMAGES
~ MILLIONS OF DEVICES
- BIL‘LING‘ i
SYSTEMS
o CATALOGS
| CUSTOMER
L ENTITLEMENTS
CHANNEL LINEUPS
PURCHASES

iR SR T SR B S BT Metadata > 40 - f7r ~ R & - BE%S%E
BP9 ~ PRSI T ALY N B A BRI RSB PR (AR = — (il 5
B E EE S Es  FE R 4 A - BERERS - RO
o OB FUCREE - SRR EEE - MIESEE - BARE SR
TR « BREEE RO Et RS - ISR B R B RE R fE A
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3.Netflix AMAE—FENEIEREE 700B FWEFEZE (Netflix Keystone - How
we built a 700B/day stream processing cloud platform in a year)

Netflix 7% 2010 FEfH 1T EBERMERE G 2 Amazon EC2 P - BRI i

FRALE s A 38 HAIEIAE Amazon S3 {EAReSH » Net f1ix fEHARLRHLE

TR FER RS R it E1FE Java~MySQL~Gluster ~Apache Tomcat ~Hive ~Chukwa »

Cassandra Sz Hadoop °

daib My
Router

Job Manager Reconcile every min.
(Control Plane)

ASG
N
i, -

= -

-1 docker
—————
Job
s m—————s Checkpointing
Cluster
Zookeeper
(Instance Id assignment) ksnode EC2 Instances

AETEFEERES - Netflix Wa[fE—FF 2 A KRB &SR FIR Kafka
Samza ~ Docker K Linux * AEEMELEE ik AWS ERYZFH ARG  MfaEETA
OB EE TR S —E o R M RE R  HE R R TR e R e

RO -



4. FARZK : REHIERBRBHE AR (Predicting The Future: Surprising
Revelations From Truly Big Data)

#7 > Bing. com TEAE K& R AR EEASIM T RANSEE - ML
FEEAT B E ) —EHTHISE T Bing Predicts ) IEIIRESESIEELER
SEERE - LTS 5 IR EE) - 1B R M » SRTEREY
GESR ) FBUTIRILT P E SRR R BTSN KA - Bt PSR 1E LR

H A B EHIAR

SCALE to massive datasets
All industries @ 56 m||||on

ached on Google
O.g

e 33 percent
160 million &8, 33 percent
unique se: n Bing

N-grams become really powerful and difficult to beat
by traditional language models

Massive scale but noisy data preferred over small
scale clean dictionaries

AEITZERH © TMicrosoft Bing WMAIFIFIEZAE0S - +LEFAERE R HAAH
PRS- SRR ERIROES) > 40 TV EAEERS - BEEES  IHFEE®E
ABHTTEA] -

RIS 5 46T AR B R A F P (EAERS ISR i) ARG > L EF e
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SR PR ~ 0 ERHRERE. - 280 S LA IR RR R At BRSNS - ST

e BRI PRS- TANRITEIES M AR 0 S A LR B

HYEERDE - EEREEE RSNk -

SCALE to massive models, huge #features

Learn ‘smart’ low dimensional representations of
very high dimensional data

Retail customer profiles .,. a MULTI-VIEW DEEP NEURAL NETWORK
Feature Importance! ID3124 &)f Millions R
g a 7 of users
|||||| 85 X x
code 48 __x__ v

32 [/ x
76 x v
e B x
68 Vol x
5 B x
65 x | x
80 v | X
20 x | x
29 x | X |
21 x v
15 x v i
1 | %

Elkahky, Song, He et al.: A multi-view deep learning approach for cross domain user modeling
in recommendation systems. WWW 2015

Millions of attributes

ISR EE) LR AR SR T S S (S
HIRAE > Microsoft #§2HMAIR (1) FIFHBIILLERSUES) - (2) KR

EEFE > 40 BUREEE - (3) BeEFRGIETH - WSEA sEHIECR -

5 ARNRE B —EREANRH G EE A (Detecting Anomalies in
Streaming Data, Evaluating Algorithms for Real-world Use)
REIFEGR  BEEYIE - MRS TR BRI AT R & - EEEUE
SUBENER AR © (HMIEY EAR AR TN > iR S2 B B R L2 (2
B A BT 1T ZRBEEE ~ B ERETRURRE ~ BR RIS (RSN ~ FEBHFEIIC S
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Numenta Anomaly Benchmark(NAB) &5 —{E55%ET F A S FER IS ] o 91| B0 A A

A CE BRI BIR R R EIRE R > B T —EERHIRE T

il - DR RS R o WRETE P EE BREVES R -

DETECTION RESULTS: TEMPORAL CHANGES IN
BEHAVIOR OFTEN PRECEDE A LARGER SHIFT
HTM detects anomaly 3

:o ﬁhoure‘. earlier

“ﬁ'ﬁ'WW’“|“1V1'NWM"WMW

’ A

2‘“’1- L "030 eaee%’ €, 05, %o, ;.?Jr €, % %5, o Pé._,e‘.’% "’535%) %u’sq%
Key
s (b O . R e e # Numenta

NAB &40 bAVBHIRIE S5 - B aFTARVEIRIEZ - IHEDA R

ELTRIVEREERSFEEF A - BRI 280 - AR

Wgesm a7 NAB HYRCMT4HEN Rt ot B2 AR o RAGRE I — L

BE > DI 2 HIEE S HEEDE -
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6. RSy T HEBI 55 B JJ U8 5 (Using Analytics to Drive Change in the
Workforce)

A2 S VBIRIGIE RIS ~ Feff ~ T2 R 2 i A B E R (EAE4H
e BB EEEREIAIA S - 2014 FEKR > SFZWBHIRATHER > HAER
TR EY 20 M B T84 10-20% - R T CB S (EBEG A& SEBRR K > 2015 4 1

AIFFFRITREAT - FF5Y 2020 F AT e 2R DB RABIE SR -

Talent Intelligence Analytics

Workforce A 3

Science

Original
scientific

inquiry that Advanced

Systems & generates Linkage to key| methods that
Tools new business get to the

knowledge outcomes. root of issues

External Workplace & Work Experience
Competitive

Intelligence Research
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Apply a Simulation-Based Optimization

Suggested
Hiring,
Retention, & Gap between
Promation projected & goal
Variables representations
€ OPTIMIZER [
Hire
£ 2 Calculate
Retention, & Forecasti .
)‘ Promation + Model s *’ RGRH“I"M . )
e presentation

Evaluate

AREIEZESI © Intel ASEIREPILOAET B EAVEESE ROy 734 1

1E > TEIRA B S DBt M - EARERR S - BB - BUE i

T3k R BOg Al SR AR PR A WEE T - ALY 2015 FEERERE RAID ARG -

7. R ETEHIFE A ES |® (Building a Predictive Intelligence Engine)

BAIETEE—(ERpE o B e Bhey 57 - FEOH B I8 5 Amazon Al Google

BEA S LA R I R B R R AT — R R E R EE e ZAT | {B4E B2B H

S8k o BERAYA RN RV A — (B ek AV EERE  BRARsE R E T 2
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éHsense

ONE OF THE NODES IS MODELING

AEIEEEET Ry T S EFIRE] B2B (IER el HEE PR
fr B R PN RSSO0l ~ FRES R LAV A T REURR S ( 540 (1 B2B ok E75®) )
FAEREALHTT R - A —(ET K Hgtk - nI AT & A S8 Ay S - 40
AR S BRI E S A0fAI{E A H20 ~ Docke ~ Mesos & Hive » &
REEA B AR S AT £ [F]—(E R T 2 A DU R - BT AE
KOEMEME AT 1000 RAE] - 41 EREE > RS B TR i B =

Ji o AL 3 (ERTCH R & -

S IREHEI N THE (Hybrid Artificial Intelligence)

HEAN TSRO EACR D - (HI5 LR HIERYZEB0E A —(Eib e b

FYBESEE — N TR SACE I AJHAVE S A EHAAS - B —FHH T —

KLU N T 2 R A RS - 40 et e ~ st T S (E B -
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el NI ISR R TR A S > Al5E R T 8 NIRRT -
7B SRR B B E IR SRR Ry AV R SR A -

AEIEESET CREGATEZNMEE ? BATEEMTE S h kA E R
BE SRR S 2 EMUFIERERARESE ? DR FEITE GBI N TR
SREEAYSRIE - W0ER Siri Rl > B AR BFIRETERS - kA0 - S - fESEa0
PRHEL ~ F4F - EIEEER R RENE - B A ABE R KRR - EE SRR
FINFAYSEZ (R - E B0 TR AR ATRE - GPS fRHtHIHIEL R 28
REILARRBETE R RN E A AR B SR R - sl - JRETIA

TRERRIA E—(ER_EAYZER - 2 —ErG SR _LHYZEn -

FINAL NOTES:

Use HUMANS 0 VALIDATE
& DEFINE A.l. PRODUCTS

Use Al o AUGMENT HUMANS
INSTEAD OF REPLACING /em

16



g~ Ve RO

"Efrgay ) 2tk T BREG ) 8 B (EEEIRIIAR - fEHIERE]

TTEIIRF | AR R A AR E SRR  EEERVER &R » A AR Ay &0 E

B HEORE RS LEIEE > BRAer Tt B e PR - A E AR BE A R AR

% HEAERE - ARG > A TE > BiEsiae il B NIRAT -

ERRNEEEREHERE - AR ERRAVSE - (REBES51% TE

% 0 AT - TF RS SRR OB AR - A8 R BRI

{4 o BB REE (Big Data)IFARHYZKRES - S EIEUN RS 25 T R S A e

> DRSS BUFEFIEITBOCR - A AR B i A E RS -

BB RS 7 R R DU T Y T 3~ SR BA AR T 23 - IR Ry

ARIEHBIERIAREE B L E R - BUSRLE A HEEIE LAY R - 312 518

AEIRE AR R 2 ERR B R ST A HEYEER - FAMTESEE

SOV I P T |

S BUBTASRE SR - B DURE B SR TS R U - R

EFISZERR WENRNBUFHIE G HRERENE EE S T ERENEaF

R B oA HEEE T FAVFEZ IR - U RS —EBR ML B KL

IR RET o TRAEMMEE S ? > RAFTFRAVERA —E M5 AR ED

i

@ TREREE S ENE R SN SRS BRI

il

REMVEEERA R - B3 BRRESSHETE RIVEER TS - WENEREE

17



LN

NSRRI 2 E - DU E R E R L%

1. BB KERERT  RIVEE S RET R 2 B R RS - ERAE

(=1

(HHBTHTRR

EHEBUNREEL BB BRI T HERRBBIRERE - DISEUT 280K

RS BT R A AR SR EE S RBUFATE B BRI B K

B EENER - thaiEER B BUF k2 BB ERTE R - iR ORaE(E ARRTL

KRR T > sy Z Al AR SR RS S AEZEH E > MR - i

HEEE AR AHREDEETEEIEEN - ERAEG I ZER

ONPS IR SRER AT S A T B A A 2 B S A > DI SRR BURF %

FHRERI RS -

HTEBURF BN E RIS - B EBUFERBIICTE - S EUREI S &R

SRATHVEE - A HEREE 2

<D>HREBFEEREREYE | SR B SRS R R

SFTEEHY T B RSB R - RS RS SEE - SERF A E L

BERIBAREE (E RECREEEIE (KPT) » DR &R RS

<AL RRE A S ITORE : BUNF ERIBHIC P 22528 A 1 8 7,368

HERHE A EEEZHTER > RS EAYER ? IR ST Fr &S

18



I > AR BRI EH T A2 — » 5940 LR SHVER I TR - LI &

b~ #HE S 2R EREER > TIEEARARF RN TR — -

(2)HEmATER

Ppbite ' TEENARERIRIENETE ) 2 T B RRERENRFE ) R

b - NS A HBIFRET - gat - Siat LIF > RS E X5 ER

Ry REBF AR Z EH 2 TR BE GG RR L EHEE -

SO S AR LS 4 SREORF CHE) « AATLEME - 3

BN BT R R R Tt EREGE T I RS

(EAYE S - AR BV E R TR - LI EAL - s E & 2 A s R

EREER P FERRTT |

2. B REGEEARRK - BRI s MRS SRR

REGE Rl se R ETE IR MR (4 - e BRI ZiERSNEE - &

FAERI R AR LR SRy R ~ SRBAPRTAVARIA T 2 - BBUGHETECR - fE &S

PRER AUt S ST R BB 2 S e » o EE 5 7A 2 — e A [F & RHEHY

HLEER

{ELRRYE ELJ8S 5 AR AR H R ER RS o 22 R & (PCAST) SR GE SR TR © =2

8 PSR AZ R R A FE AR BUR A e U SR R (S F B} » THRES R ARHY RBHR

e KGR & > ALEERRIS 77 TR R 2 > 5 2% IR IRHTRL

19



W E ATREVAREE - NI - REGE I A R aeaT - DURGERURE RIS

e

R E G EATR K BRI E  PREBURE R SN T4 {a]

Rl 2

(1) B HGmEmAERR

AT e BB AR N ek B BT T B RS BRI

EEborElE - R RN R H A E R IR K Eoo e RE LA %R

i

fefit > DISHHEER 286 - o REDERIL 23 > 125 T HRARE ()

il

EERERIFRER ) 0L - BELL - T - BRFRE R 2GR H gL 1R 2 &k

WENYE R MBS BN - ARt E B RIS ISR - WAL

AR AT HMAEZE » B ERHEIRRALZFETEER - - BRESEE © 20

"TEEEREEGH NAFE &L e - 5 g i RHE R

E o LASEIAH -

(2)BARIEAVERR

ERAEFIZERHESERTRCK - EAERAE - g " EAEROREE

S RAUE - T EANERNZ L ~ BB A SR E HAY 2 D E

W fEEL SR HHVEAAIEE GHEZ B - 1 35 16 RAUE T ABHREIBE A

BRZHA. . RS TR E s L B E P Ry 2 WGBSR 2 R H AT -

BHAE TS Z—%&  BREEBISNZAA @ -2 By SR IERZE R

20



B o T TSR ERER AT ST RS N A H A2 Rt T B b e A L 2

HE R e g s BB R T e R E 2 EFEA -

MRk % B ABRECINESRERL - 2 FEERHE > SR E

PRI AT AM: 2 AR -

3. ECIAERRERS - (e RRA RUHEEL

A > lEEREFEEE T HERE - MERE ) ERAREBFLE

AThER - ZEIRAEHMEREE NI > KA UEMR S V2 | IRe i

HEFEN R RE BRI AR ~ R T ZhEs e - (H15BRBUFEF T,

ASHVERIE AT T A B A AR T E AR RH RS EE B AR -

RESRRE - B R SR REA FWEE TG - o - PTT S84

DR TES &R - BURTARE DA T RS A T =\ BRI - R A S BRI R S 4t R

ERANEEEEIRE - BURFHER RIS & R AR (8 S AR R ey B AR

& WWEEREAMERREEABIFARS > BB EE6H « NERIEEE S0

B -

=4

4 ERIRER TR - MSET B EE R

BEGETREWEERNERIZE Y - ARIEEY - EREEE e R - &

B AIEE § SCHTRIRREA - SH B HURe) - Pt - RBoEsist

21



BRI SAR > A

() AFEIE - ABBEIGEEAEHEE S - AR TFER B > AT

i -

()[R EI RS LB R > WA TEGENERE © N ABEBIE ISR EE -

BREARAVEAREE N AREER > RS B B0 AIER S - 31

Rl - a DUR B IR L ER > NNERER  DEEESEE

FHASERABUERRRIE -

B)sat B e - HEMEIEANS - KRB EEEEAHEEILR

B R KT T RE R IRECE A HUE A - FEA P B A — R B

B e L > (e R BRI Bk P o mTRE ke A SRS

{EAN e BRI -

DRI > &FEaT R ANRE A R BEE o ffrisedty > & T s il iR VPR 1 ~ JESS (L

Bk BENER G E M EEHIRT] > FRET SRS EE R

5. REEBARRAR - BIEER (mashup) BHEIFT =

KBS TR BT ERA GRS > fefRAEIE TR - B NEE R EE

BT SRAEY A TR I RE MG RGE A RE © BRS8N A205 B HY

FERE R ERAM B S EAVRAEACRE - SRl R E A A PRIR A - BT

DIA B 48 FEARRETHMIE R » 2 RBHE i V7 AR R A F] = R ST EER THY 7 AL

22



1T > EEEWEHEER > tead e MR - WHPMELE © FFEAERGVR » fa

SERBUR AR LR G =] LA IO -
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AP ] DAGE rr J b5 e Bk S 8 e e 4 Do s Y R i ek (s N D& L

Topical Analytics Technii ues

Pattern
Recognition

Mining w
w
(0]
: £

=1
< i @
S Big Data Data ‘Q
ul e
= Solution ¢ H @
5 Engtalliit Science -

3 r. Artificial
Data . ) \ Intelligence
Modeling
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1. 2016 FE=IRBUER NI G B4 |

http://globalbigdataconference.com/67/santa-clara/global-data-sci

ence-conference/event.html

2. (COMCAST : http://dclabs.comcast.com/

3. Leveraging Search Algorithms for Bing Predicts -

http://blogs.bing.com/search-quality-insights/2015/03/15/1everagi

ng-search-algorithms-for-bing-predicts?FORM=MA133A&0CID=MA133A&wt

.mc_1d=MAI133A

4. Numenta Anomaly Benchmark (NAB) :

http://numenta.com/numenta-anomaly-benchmark/

5. BEmR T ERRENE SR -Hm - ZOIREGEEATE ) thEtaEk

6. EAEEEHNERZ6H M REEABIF AR Z a[fTrE =

=
=

7. K& BRXTUE

8. EBUF > &3t

9. “EEEH
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Global Data Science Conference &
Santa Clara March 2016 _

e+ | ITE LCEAD

Monday, March ¥, 2016 at 8:00 Santa Clara Convention Center
AM - Wednesday, March 9, 5001 Great America Parloway =
2016 at 8:00 PM (PST) Santa Clara, CA 95054

LOOFEEGEIFEILLL PO SEY

Crder 485384177, Ordered by CGHOU TSAI-JUNG on February 26, 2016 8:08 E I'l.E E
AN

Global Data Science Confarence Santa Clara- 3 Days $1,299.00 %

4853641 TTE24800384001

Do you organize events?
Start seliing in minutes with Bventbnte!
wwrwLeven thrite.com
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WELCOME
TO THE

GLOBAL
B BiG DATA I
sl CONFERENCE ¢
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Session: Create impact at scale by data-driven applications
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Session: Hunting Criminals with Hybrid Analytics

SMART INVENTC) { by v

handise

Session: Predictive Analytics, Inventory Management, Machine Learning,

Ecommerce
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Session: User behavioral predictive analytics through deep

learning-based emotion recognition

Session: Solving Business Problems With Data Science
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