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P& A PR B R 2 S8 SRR Y PR 2R & Google AlphaGo
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# o RESCERECAREE R T EIREE - SpIRIE AR - (F S 2
AYTECH] - NI - BT RFEMER - T8~ EL - BE PR - #ig- 0 27
FrAEEEAIERT]  HERECKEEE P HHER - DIFENEREOR K
HVEEIR > F— b ERIAE Z

TR AT BRI & Ry B2 B TR — (OB oy =V 5 - g &L
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08:00 | Breakfast

08:50 | Chairperson Overview Seyed Sajjadi — Data Scientist at
EA

09:00 | Joint Presentation: Advanced Ameya Dhaygude — Advanced
Analytics at The Dow Chemical | Analytics, Data Scientist at The

Company Dow Chemical Company
09:30 | Defining Strategies to Ruben Quinonez, PhD — Associate
Integrate Analytics with Director, Big Data at AT&T

Business Intelligence

Platforms

10:00 | Embedding Predictive Analytics |Dallas Crawford — Advanced
1nto business processes to Analytics Executive at QueBIT

drive operational value

10:30 | Networking Coffee Break

11:00 | Understanding Customer Rich Fox — VP, Data Science &
Behavior with Predictive Analytics at Apex Parks
Analytics & a 360 Degree View

of your Customers

11:30 | Avoiding Bias 1n Predictive Federica Pelzel — Director of
Analytics Data & Analytics Platforms at
MasterCard
12:00 | Lunch
13:00 | Deep Learning Fast Start Alfred Essa — VP, Research & Data

Science at McGraw-Hill Education




e
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13:30 | Intersections of the Marine Sean Forester — Director, Data
Corps Planning Process and Analytics at FSMAO West
Data Science

14:00 | Data Intelligence: Data-Driven | Mike Thompson — Director,
Healthcare Enterprise Data Intelligence at

Cedars-Sinai

14:30 | The Challenges and Eric Blabac — Director, Decision
Complexities of Retention at Science & Marketing Analytics at
Sam’ s Club Sam's Club

15:00 | Networking Coffee Break

15:30 | Predictive Analytics with Big | Kenny Choy — Dir, Healthcare Data
Data 1n Health Care Science Systems at IEHP

16:00 | Predictive Analytics: William Ford — Director, Data
Developing Service Science at Chegg
Recommendation Systems

16:30 | Navigating through Machine Ankur Uttam — Advanced Analytics
Learning Challenges Lead at PlayStation

17:00 | Networking Drinks Reception

et SR (107 &£ 2 A 7 H)

B [ +E R

08:00 | Registration & Breakfast

08:50 | Chairperson Overview Rajat Agarwal — Senior Director,

Investor Analytics at Lending Club

09:00 | An EPiC adventure infusing Jeremy TerBush — SVP, Analytics
analytics 1nto Cottages.com at Wyndham

09:30 | Financial Time Series Jeffrey Yau — Chief Data

Forecasting Using Recurrent

Neural Network

Scientist at AllianceBernstein
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10:00 | Networking Coffee Break

10:30 | Analytics Powered by Machine Punnoose Isaac — Exec Dir,
Learning Analytics Development at

Edmunds . com
11:00 | Data Driven Cities Brendan Bailey — Data Scientist
at City of Los Angeles

11:30 | Who Thought Binary Seyed Sajjadi — Data Scientist
Classification Would Be So at EA
Complicated!?

12:00 | Lunch

13:00 | P's of Data Science: Planning | Ilkay Altintas — Chief Data
Collaborations to Create Science Officer at San Diego
Products from Data Supercomputer Center

13:30 | Mining Data to Optimize Elizabeth Owen, PhD — Director,
Design: Analytics for Targeted | Data Science at Age of Learning
Affect and User Behavior

14:00 | Joint Presentation: How Can We | Jeremy Coltin — Director,
Sell More Vehicles? Leveraging | Predictive Analytics at Hyundai
Predictive Analytics to drive | Capital America
customer retention and sell
more cars.

14:30 | Networking Coffee Break

15:00 | Applications of Predictive Rajat Agarwal — Senior Director,
Analytics 1n Marketplace Investor Analytics at Lending Club
Lending

15:30 | Forecast of Financial Measures | Yves Chauvin — Director,
from Opinions using Machine Investment Data Platform at AXA
Learning

16:00 | End of Summit
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EENTRE

ALIHETHE Ty 22 A FE R 1002 A F R fof TR AR in E RS & - K
H o I TR S o FE PV s BB U A ~ T EREEE SO RHRENFHRE - HEEAE
SR
(—) EBETHOM60RE 5 s T % P17/ (Understanding Customer
Behavior with Predictive Analytics & a 360 Degree View of your

Customers)

Apex Parks Groupie—3¢/F EBI& INGEA 1455 FEIREerh AN E] o Bt & i e
ERYEFIEE ST » Apex TR20124E EREAAM TR R ilte T e iR - B imireeE g A
TF - GEEEHEER  ETRUAATEEL » THRERZZ DULHE - 55 - JHE T
(Recency,Frequency ,Monetary) =IRFEIFHE TRIl - &M ATE S - e B EF Rkt
ERHREN: - EEE LA dERH(Lifetime Value ,LTV)Z 85T ERE (A& 1) - DATEHIELH
Sy TE RS (New) ~ &858 (Repeat) ~ A& (Infrequent) ~ ik (Lapsed) ~ FER4ACH
(Inactive repeat) & FREEHESLTVIE (ZFHERE D) VRN - Tk Hise BEFYA

0 DINIERE AN T] ~ SR AR SR B T TRIE - JEHUm AAE (40 2) -

Segmenting Customer Lifetime Value

Segment into Three

LTV Segment
. © o o
= o Buckets then use
B Medium °o o o . - .
zooo | Low Analyze trends in Different Marketing
M Value Migration Strategies for each
- = Segment.

oo o ©

Marketing Strategies
High Segment — Targeted
upsell and cross-sell as
these are your most loyal

CP§(3 years)

o customers.
— bR, Medium Segment — Find
maximize corporate the next cross-sell to
o0 . profits is to move them to the High
Segment.

maximize LTV
Low Segment — Manage

and minimize low profits.

50 & 70 8o %1 100 116 120 136 146 1D 180 170 180 190 200 210 220 230 240

Customer LTV

1 ~ ZP4amEHA(Lifetime Value LTV) 2845 ELE
8



Tracking Impact on Profits

$200M

$180M — /'/

Effect from full Customer Life Cycle Mngt —

$160M

$140M

Profit

$120M — .
—

$100M

$80M

$S60M

2012 Lapsed Retreived New Growth Maintain 2013
Accts Accts

2~ FERBAUESORE TIRORE - SN AR

() MR EEASIEESTTHRMT (Advanced Analytics at The Dow Chemical

Company)

PERAE R BRI C T A - E15556,0004%4 2 T BB 4E =AY 1891 73 S i
> RHZ PR AT, 0002 (R iR - 18 L Sndp e f 1 TSTEER AT -T2 A [F R R ZE
55 o B AFE—E#ETRIE 10058 A F] » HUGA ZE B ARSI E - HHA/DE0%
(& S H L PR B AE A =

AR AT s BB Ry BB A — (EEEE R AR Y X SIS AR - £ ANERIRIE
ZTim LicquiaflAmeya Dhaygude | BRI ARG AL S SR IR IFISAL > FELL
AR S H AT AR - St amRb th RS A LR T VBRI R R 5 H - i

T BRI RS IIAR A TER | A3 ) T ahsh - S B A T e 75
EREEI A - 0 H BB



Several Models — Sample Hierarchy

Total Dow

Market

Business

Product Type|

Customer

3~ R EEA HVAHE TR
(=) BEREE . SREEFEE (i (Data Intelligence: Data-Driven Healthcare)

Cedars-Sinai EFHEIRAAIFEFEMERFTOZ—  #FF4, 50025 2E4E A
HAERIRESESEA R - PRPRECTE it kMt B R RIS iR IREH iR
(BT DU B Z L s s B R 57 5

Cedars-Sinai AAKIHR &k IHE E &R e 18 25 BR AR i 2= S (A00E4) -
WA MR A A EEE R IR EERN - BB - FrEN e

BRIGESE BRI E MEHEHFAB S © FEAh - MR O A R A FAE a2 il
L2 B TEM > EEER RS - S (iLiE - Sty - BEFEAEFER > TASREE

PR~ BEHEREE - BREIEER 5T~ IS S HRRHISE A - BILNERI TS A
B ~ R ~ KR~ S ST HEEIEE R > 5 B A S A FEOHHE (A0 ES)
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Healthcare's Past

Historical reporting - can only look
at what has happened
Silo- knowledge in a handful of users

Healthcare’s Future

Predictive analytic models - based
upon data patterns

Data Mining tools that can
automate feature discovery

Ability to view one patient at a time
Ability to view one patient visit at time

e

Patient \

View all visits for a patient to see
patterns and repeat visits

View populations of patients that
share common characteristics

View patient data outside of hospital
walls combined with internal data

Limited range of data

Inability to accommodate data growth
Inability to store data that is not
‘structured’ to fit within current data
architecture

Data growth of 300% per year - with
a focus on integrated new data
sources (weather, genomic,
environmental, socioc-economic, Fitbit)

Users given a “dump” of all data -
users sort through data on their own
Inability to interact with the data to
explore hypothesis

Subject matter analytic apps built
to answer specific questions
Focus on the appropriate metrics -
reducing information overload
Machine Learning Techniques to
derive most relevant data
relationships

Data/Analytic tools only used
centrally

Data access limited

Numbers only - no visual analytics
No statistical capabilities

Data/Analytic tools used by end-
users resulting in greater agility
Data access (with data governance)
available to end-users

Focus on visual analytics and self-
service

4~ BEREEROITEE R BRI 2= 8%

Predicting emergency dept visit volume ...

Aggregated Visits vs_ Year

Aggregated Visits ws. Month

Visits vs

- : - -— -
H H
8 ; - . - E - - - g4 1 !
. i o T Vo | i !
- . 1 1 - ' H ] T 1 - 1 !
E B N IR A S TT 84 1 - -
1 1 H T o 1 H I 1 '
&1 R B4 00 I R [
Lo i LT e : T
ST T : 3 B °] BiEalE
! 1
B4 ; T B+ : H B4 7
| ' a T VoL ! '
| 2 e S el OET ol 150 i
— = 1 4 s e R *+ 4o T
— - 4. —4 —_ -
EE g4 ! g !
H 4
200 201 2012 203 20w 2018 2018 aary Maen M3y uy Seemeer Decemee suncy Toesaw  Trursaw  Sasray
Aggregated Visits vs. Holiday Aggregated Visits vs. Rain Aggregated Visits vs_ Snow
! : . !
g4 — =1 —_ — g4 —
1 T T 1 T T
g ' — H B i ' i g '
i | : | i | LT T
CR i ‘ : R ' ' ! 8 ' w i
' i H ! i ! ' '
8 B 8 1 !
B E - g
T i T
I ' ]
B ! i H B H ' H 8 ! H
= 1 —_ s — 1 —t 3 | —_ ]
— . .
Normas otny Amerrciizay Normal o Ameran sormas Seow R
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(ERERE) EE G AFREEAERENVERERTZE > atrra (FIROEREE Data
Lakes ) #eft BHUME 2 HIah - - FEVERDI A A R EaRTE R a & - E4RHY
ERE B EE S E s R PR R E R © BN 2R s e il i
HUKEHY ~ JEFIRTER - (FREREMIREER > DINITER - BN AERNHE
IR E [ - LRI EoA E 25 IRE SR E A ERER O ITIEHAVAEE

°

HEEHER T E S S UHIMPP BRHE ~ Tn-Memory BRIELR HDFS SrHG\EEFER
B - SRR - SFIRTERHEERI A A DT RV e - e - BER A
SEPEREE ST ER « AFERVE > BREARERE S T RIOFERTER, (Unclean
Data) - PREFHEFIAAVIDZ > S iE s SR RAGEHEARTE R - DUBCD &R Fra B e
RV > B B SBRVE R E BN ES -

BRI EEA VR © DUEAREEZEER} (Size and Low Cost) ~ 4EFFE
BEEEEN (Fidelity) ~ BRESEUS (Ease of Accessibility) KERMIHTEEM:
(Flexible) - {E¥r—RVERIER - WA G EBIREARBFEFREHT OLTP KOLAP
B LB RREE TR TES - ATGRET - e BE B REREEEEEITTEEE
Ak o A AU EE SRS AR © tHFtB R EREONIE R E [ E LAY (A& 6) - A2
PRI -
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Integrating BI and Analytics Platforms

Operational
Structured Data Data
Store

Data
‘Warehouse

e
. - . ) C.onforlz.ned Data Marts
Availability + Consistency Dimensions

Partition Tolerance + (Availability OR Consistency)

6~ #E BRI S
(F.)  TFEHRLASERS A2 LRSS 82 (E(E (Fmbedding Predictive Analytics Into

Business Processes to Drive Operational Value)

Fote M RERIERIRE ST > QueBIT HpBha PR (eSS S5 N 1 2 BIREE RS TN it
BAREFEME  FTTEEEE - AV ER TR DU SHERR LRI > i@ Ay
[ERESEHEE N G ERERIAR > SR ARAER LI - EERERAR - AlsEk
B B EEREENENR - SRR - QueBIT " & At IR ER
TZEREERTINIT ) BB > SRETHtEsE Y B TNERYIR R o SAERE,
BRI SRR WITRAIIERIRE > WIS RN ER e B E LA - &
HBATRTE AR - ARV SKRIVERSE) - IR AR BSEVIR AT SRS
s > EiBQueBIT T Aok AVEHEREE | (I8 7)BdREl - ARuer R BYUE
(Bookcases ~ Office Suppliers )E#E A TRMIAEREE (B8 ) - MydbseHERE (It nl (SHaTR
SREh -
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Optimization Review & Adjustments

e Scenaric Options ~ Category Settings ~ SKU Seftings  Optimization Results

Demand Input

(&) Bookeasss

B3 Product SKU
= .AnBookeases

I

= Il
Bookcases
1000 - Atlantic Metale Mobile 2-Shelf Bookcases, Custom Colors
1001 - Atiantic Metals Mobile 3-Shelf Bookcases, Custom Colors
1002 - Atlantic Metals Mobile 5-Shelf Bookcases, Custom Colors
1003 - Bush Cubix Collection Bookeases, Fully Assembled
1004 - Bush Heritage Pine Collection 5-Shelf Bookcase, Albany Pi
1005 - Bush Mission Pointe Library
1007 - Bush Westfield Collection Bookcases, Dark Cherry Finish, ..
1008 - Bush Westfield Collection Bookcases, Fully Assembled
1009 - DMI Eclipse Executive Suite Bookcases
1010 - Hon 4-Shelf Metal Bookcases
1011 - Hon Metal Bookcases, Black
1012 - Hon Metal Bookcases, Putty
1014 - O"Sullivan 2-Shelf Heavy-Duty Bookcases
1015 - O'Sullivan 3-Shelf Heavy-Duty Bookcases
1016 - O'Sullivan 4-Shelf Bookcase in Odessa Pine
1017 - O'Sullivan 5-Shelf Heavy-Duty Bookcases
1018 - O'Sullivan Cherrywood Estates Traditional Barrister Booke...

1019 - O"Sullivan Elevations Bookcase, Cherry Finish

Assigned to: Gentral Planner

Run Forecast

Recopy Prior Foreeast 150,000

Base Pricing
SKU Categary
Bookcases
Bookrases
Bookcases
Bookcases
Boakcases
Boaokcases.
BoOKCaSEs
Bookcases
Bookrases
Bookcases
Bookcases
Bookcases
Bookcases
Bookcases
Bookcases
Bookrases
Bookcases
Bookcases

Bookcases

Avg Selling Price

—s—Fflan

s [ i
@ Lincoln County (101) Unit Demand 2) aisenn
— 17 —— Aual
50,000 —+—Central Planner Forscast  —#— Sal=sperson Forecast

0

Submit Foracast B0
50,000
2016P01 2016P02 2016P03 2016P04 2016P05 2016P06
? Actual 69,750 54,049 74,603 44256 46,192 57,953
* Plan 69,750 54,049 74,603 44259 46,193 57,954
* pproved Forecast 66 555 51,877 7z107 43372 44,267 54,882
’ System Forecast 67249 52,628 71,490 43549 45610 96,822
' \Central Planner ForecastLCI| 65447 50,879 66,726 41,786 43,076 55,151
’ Central Planner Forecast 67,249 52,628 71,490 43549 45,610 56,822
’ Central Planner Forecast UCI 68,978 54,307 73240 45,265 47,317 58,584
’ Salesperson Forecast 67,249 52,628 71,490 43 549 45,610 56,822
? sales Manager Forecast 6 555 51,877 72,107 43372 44767 54,887
7 69,750 54,049 74,603 24,259 46,193 57,954

Print Ad Spend

Digital Ad Spend

(7%)

663493 660857 581137 501955 063493 498207

300,542 298,540 295905 283,231 291,080 289417

Cottages.com)

14

Results Summary

Start Date

End Date. Status

n

O1-Jan-13 | 31-Dec-13 | In Progress
Optimal Price Final Price Change in Units
5000 30,00 $0.00 1,382
$21555 5206 18 520628 62
522456 $21480 521491 33
$285.86 5263 01 520315 15
519481 $186.34 5186.43 59
$12666 §12115 512121 A7
$142.82 $136 61 513668 20
59268 $88.85 38870 s
§86.47 585 53 38557 26
$45132 $43170 543191 41
589.92 585,01 $86.05 24
$63.68 $60.91 $60.94 178
56492 $62 10 $6213 176
§46.83 $4479 $44.81 81
$55.67 $5344 35345 108
$110.70 5105 89 510504 a7
STBET §7333 $7337 74
$12076 511551 $11556 18
$127.38 $12184 $12190 20

T TR N

Sales Manager Forecast

2016P07

11,305
82,034
82,080
3,005
81372
83,005
84,871
78,749
82,089

84,747

735,087

2016P08
188,227
188,191
189,528
187,755
189,528
191,275
183738
188,191

194,203

663493

300,542

Approved Forecast ——

————— Central Planner Forecast L0l ——

2016P09
47218
47,187
48,499
46,740
48,499
30213
42895
47187

49919

660,857

208,540

8 EEIHHIITHRR

2016P10 | 2016P11
48584 46,860
48565 46,850
40200 4683
47497 45060
49220 46836
50075 48508
4225 42590
48565 46850

50521 48344

81,137 501955

205905 203231

System Forecast

ILLES

Change in GMS

Central Planner Forecast UC

2016P12

57,680
57,671
57,63
55,904
57,636
59,423
53310
57671

59,053

489,972

201,080

2016P13

8,833
26,769
86,773
84,985
86,773
28533
82,420
2,760

88,788

488,207

289,417

$44,132
32612
$1,585
$636
$2,m
51,505
$724
81,31
$831
84513
$492
$2,383
52212
§1,425
$1,328
$1,332
$1,153
3780

$956

2017P01
71539
71,553
71,538
69,729
71,538
7333
67,456
71,553

74116

496 870

288,081

Change in GM%

{174%)
(221%)
(214%)
(206%)
(1.94%)
(175%)
{1.66%)
(1.08%)
(193%)
(170%)
(202%)
(2.00%)
(216%)
(1.45%)
{182%)
(157%)
1.92%)
(113%)

(143%)

GANALIL=0O

EPiC R AMESHTE Cottages.com HYMEFI(An EPiC adventure infusing analytics into




Bz A LAEE Cottages. com HYRESCEE > I LMECRESREZ MR A ALHIHER - (BR3HIE
b~ $HE BFRE RS - ¥ Cottages.com KGR » iBEEBURLE T HIBDASE/K - S LR
HZHEWBGENRS > G2 T EER ) ~ TERMEE, - THERES ) % - A EpiC
EBRIITRE ST (B9 ~ [E10) A Bh B bR MRy EAS I HEB R (B R B LB GE TR ZEHE
FEEMEFHAERMEFHRIEIFIA - B Es B R AR IRy T AR E D)
SHER A B BV A RIS RO OR R = = (B0 T AHEERRRIEIHI A - F T ROAET

E PSR ERIEL ) ) o MRS B A

EPIC Environment

Pricing Re 0 ode

information Distribution
channels
® - S
S I
e = q “—
Product o E N > @
information = £ %
U t "5_
= L O Call center
(1
~— Res
Customer System/
purchase PMS —
history
Web server

9~ EPiC 2548
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@
Pricing -
B
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® .
\i‘ . .
e Recruitment ‘. N\ ¢
& f :
® - &
o @

10 ~ 8% ~ )EEAY 3D 7RSS
(L)  #dEEEETT (Data Driven Cities)

IS AT AR BT A e R T S RIS TR - £ AR
M o B T R b - A E RIS B E A R ER T HRERA
ViR AR BRI - (52 MR AR - DAPRF BB E MR AR -

s BN TR S AL T — L s T R ) AURSTRRE B R
5> DI E BRI © BT TR RN ~ IR EHbE] - S AR - B
BIFERMHBE TR VIR © 599 > S oRam B L s n R a2 5 A
S A RESEIRS BRIV ¢ SESUEIRGRPITVRE B EERABURRRE - S TIER
FREEMURE » DUERBCIE AR LSRR SEEES - o EER I - BRaahlEAa
0
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® BUFE eI EeEES N EmER  HER  FERE - REeE - ATE
SIERS % ORI R IsEE R RO IR FT L, > F52
HEER SRR ST ARG T IR R RINTTE - B ERaE M A AT

WS AR TR -

® BT AEF I E AR TR » 5 HERTEFE s IR > A
FIREIBEEERS LR - (EAHT FABGERFPFE RIS &R - D E RT3
A FER AR e RIS S — AR INEAE A - MEEE A E I E
BIFARCr & - BRI KSR #E R T SR S (E -

® R FINTEARIEHNIANA TR GEERTEN TR Kdsift - B0 AR AR =Rk
- FErE B EOR TR e eSS - BN INSORERE: - E R
Rl HERREISPEREAR - ERGEUaREIRSEELHAK -

® EIB(HZEEAS HEYNTARIRES T EEIR A HIE s - B E A PR RSN
EPEHTEH AT R S EZBREL » MR BT E s A PO H R R TR R Bt -
B BRI N BB TR « &R 5aE)] > BRI T ML -
AR E P b R BUF E B AR

(J\)  HEESEEETE I M AIFER ((Analytics Powered by Machine Learning))

HHEERASATEIRE L K 2k - BREVERS O E BB EkiEL - Ko
A—RETEBAGER - RENEIIGERIREEEE B « fEH T
AYEEN > BRAERC ARG LRSS ~ SR &R A H] - IR TR - 7t
sorl] ~ AHedfeas > 21EEH{LEG4MA(Image Captioning) ~ #E AREEEEL (Sel f-Driving
Car) > BARMHEECERRN - UM BN G S RAIE -

® Edmunds/\E|DIEERELEE R GHER FRVEGI(E 1) » Bl A T EZ (Artificial

17



Intelligence) M358 (Machine Learning) 2RpRHEZ G - EHBIE FHRUEXN
SRS -

o Sl (ERHUAVEE  TEE RIS BE GF R ) AERER
FerY o a5 SageMakerAll CloudMUEERHY THAYHIER - 2 F R EALA HE
B DBERr ERIREE Z AT - HERAESHUS BRI ARl 405 B T A
aei e 2l lORIEAY - I HAMR AR 240 - SR BSRTRE nT REAHTE] > (HAFTZEE
AE] o By T ORFFHBEM RIS E—m Ay s - M A SR ST
= o

®  [EE0ISFFIK - G FEEHAIBEZET I —V) - 1B R
TR« ERESASEENCEANERT - ARIRTUARR e (B BT E
BECHRS - AR SR E I P R RS & (B EE PR LSS SR &R
% B EBIESE RO AT RS EA] -

Image classification: Re-using what you’ve

already learned
M GIANT PANDA 0.9
- ‘ RED PANDA 0.05
RACCOON 0.01

e e o

Classifier - shotTypeAngle : FQ

& edmunds P 36

o e et e s s e St st s S,

11~ G

(JL)  FEHSMT © BISSHRISHEREE 247 (Predictive Analytics: Developing Service

18




Recommendation Systems)

FEHERH T > Chegeft— S EMRASSRAHFHAYZ B A FI34l Fyed - techfy 1 5%
Ji# o BAEHIRRRCE RS AR PR R B SRS AR RE N A - e Bt T 2 MR - [ESEP2PEE
AT TR SE 24 B ed - techERASE > DB R SRE R ER R an 22 2 E > Chegath/IES
TRHIRES P 2t R AR 2ty T — (A -

Cheggl 2001 SRR R AUERIEERE - BB XM ER D « BT
TEFHIAYACIERS - HE SR BRI E AR (KPD T A Bl ([E12) - $eftss &
PULEEE (XEER) ~ BREHUS ~ ZUEPRCREFFHE T ASE SRR > USRS R & -

Our Approach

Simplify the problem
In both systems we have doubled down on

@ A A understanding the educator.
— (@) (B

. .lll. + Experience/Expertise
Feature

+ Performance
classes

T T

12~ BRSSP A7

+ Availability

Predicted
Educator KPI’s

Chegg

(1) BB TR BRI 1T (T (Mining Data to Optimize

Design: Analytics for Targeted Affect and User Behavior)

axa THARE(E AT T AV B ISR I SRR ERE R - R RN B A E
K A& Pl P 21425 - EWET e (LI ER0aER (OBRWIRZIZEL)

FORRCRAT Ry (BHNBEZNFRIEEE ) (& 13) - EEERRIEAPENE - Rt2iEE
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ks (eSS RTINS AT LIS Bl T R, - RB(EAvH Faelse fti
ANBIESESEGET - ATGTEmTel B AN ARG - EEFHET R MIREIE - &5
BURIZIE ~ IRESEE St EREA - TR PIT ROITEET A - BEAERGAH
HIBHSATEE: T - HIRAE B ENNEE AT T R T R B RV E R RN B LEE TR St R A -

Educational Data Mining (EDM)

Methods for making inferences about behavior—based on
applications of data mining, machine learning and statistics—
from big data in (digital) educational contexts.

learning constructs integrated with learning states and
in student models event-stream data growth over time
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