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BB LERENE.. @)POLab

O In reality, if you provide the ML model to BOSS..
® Engineer: | built a XXX model with excellent prediction accuracy XXX

® Boss: mmm....ok....s0......
— (Too good to be true?....)
—( ...I should believe you (Al), or...believe myself?...)

® Boss: OK... Maybe we try this way...Please simulate some
scenarios/experiments and let me see the results...

My proposed model is
excellent!
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Scenario Analysis @)POLab

0 2017/09/09 European Centre for Medium-Range Weather Forecasts
(ECMWEF) showed 50 predictive scenarios of typhoon Talim..

rc track 09.09.2017 12:00 - Plum

[EC Ensemble Trocpical Cyclone Track
Init: 12Z Sep 09 2017 (Local Time 20 Sep 09 2017)

Maxi wind speed:
(central point color)

>51 m/s

e —o ) = : , = I
http://news.ebc.net.tw/news.php?nid=77898
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Scenario Analysis @)POLab

2017/09/14 typhoon Talim showed “hairpin bend” toward the north...

2017/09/14 02:00°LST

g
http://www.cna.com.tw/news/firstnews/201709140012-1.aspx
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So...the insight is... @)POLab

O Bias/Variance Dilemma E[(y - f(m'))z} — Bias[f (z)]” + Var[f (z)] + o

(a) Function and data (b) Order 1

Boss’s intuition

/

V4 Overfitting?

Engineer’s efforts

Alpaydin (2010)
0 A powerful model against Boss's intuition, then... Fall...
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@)POLab

In fact...

There always exists a BIG GAP
between Prediction and Decision

1 A% EF &
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Analytics(f&4T) Framework

Data Data
Description Preprocessing

- Redundant &
Missing Value
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- Data Source
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- Load
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- Feature
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- Data
Augmentation

- Problem
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Modeling &
Validation

Feature
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- Filter
Methods

- Wrapper
Methods

- Embedded
Methods

- Dimension
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based

- Tree-based
- Boosting

- Deep
Learning

- Cross
Validation
- Physical

_ - Evaluation
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Visualization
& Conclusion

- Visualization
- Interpretation
- Criticism
- Risk
Assessment

- Value of
Information

- Retrain and
transfer
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Analytics(’

Data & Model-oriented

Data
Description

- Data Source
& Goal

- Summary &
Visualization
LT
Packages

- Problem
Clarification

-

Problem
Identification

J

B 1HT) Framework

-

Data Analytics

DEIE]
Preprocessing

- Redundant &
Missing Value
Imputation

- Transform &
Rescale

- Feature
Engineering

- Data
Augmentation

Decision & Resource-oriented

Productivity Optimization Lab@NTU

Feature
Selection

- Filter
Methods

- Wrapper
Methods

- Embedded

Methods

- Dimension

Reduction

- Physical
Causality

A

Modeling &
Validation

- Regression-

based
- Tree-based

- Boosting

- Deep
Learning

- Cross
Validation

- Evaluation

Beyond the Prediction

@)POLab

Visualization
& Conclusion

- Visualization
- Interpretation
- Criticism
- Risk
Assessment

- Value of
Information

- Retrain and
transfer

MEDIUM

Risk Analysis
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Beyond the Prediction... @)POLab

EREEER  H#FIEEHEE

1. Problem Identification 3. Criticism
2. Causality 4. Value of Information

| P B R 2R 38 R E R 5T

5. Risk Assessment /. Concept Dirift
6. Prescriptive Analytics 8. Domain Adaptation
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Beyond the Prediction... @)POLab

[ el B2 (A 3R

1. Problem Identification
2. Causality
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BETFEINBEMNKFER - R MNRENEEERE...

N

<=
Sales force
Customers | and customer
service reps

Sales and
delivery
applications

Service
applications

HT*

Managers and
stakeholders

mE ?

1

I8

AV

N

\‘ﬁ Central
database T
/
!:3/

f

Manufacturing
I applications

Vv
Human
resource
| managemen

Employees

applications

| Inventory
and supply
lications

—

Back-office
administrators
and workers

=N

Suppliers

-

@)POLab

Davenport, T. H. (1998). Putting the enterprise into the enterprise system. Harvard Business Review, July-August, 121-131.
Productivity Optimization Lab@NTU
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R EE A A R @)POLab

KPI
M Resource

s-Is Process/Function (What
- Problem (Why)

- Function & Method (How)
requency (When)

KPI ERPZ4%
Resource (LEIEEr=T)

HA R BIFTAEYSEEER R .
ERP 4
(Fr&E

1 ﬁd/;/w\ﬁ
2. FA RS E
3. ?%‘*’E“ﬁ-@%
4
%)
6

KP] ‘é

Resource

1@ tLaNR 2 S
R dig 1) B2 7
" - T
~ *f K? a Resource
BE
https://slidesplayer.com/slide/11473184/
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SRR ? AR RS ? MY B RIE ? @)POLab
Enterprise Resource Planning (ERP)
remamnon [ Avprls [ P s e S

[ I + Pricing & Discount
Supplier Capture Check ;
Negotiation | [ IssuePo | ;

order [ " Availability [*

e [ Recevero Eﬁ, oce T T Gasonss ™ | Where is the process
5 stome o
Order which can be
: ' enhanced by Al?
i Receive 3I-Way " Pay
 p--pnt  Invoice Match "| Supplier : |
E Finance '
i Invoice Collect 4’@@ And : Yo i@ ,{ __‘]—»_,@ 7211 " r:‘f"J 2% ?
i A Customer Cash E “—\t " -
: Accounting : 1 o ok '
E Cash Establish Bank E £ 4 f /,,Lﬁ_{_i« E%_]I
Forecast Budgets Reconciliation : 2 ” ;‘ifi ” & %E
i eg. ERP map
| . Sale & Prod Master Demand
L e | e | P il B ety
Plan Work in L
Inventory | PrD:IESE ] Malterial i Spélu:le:ﬁliﬁ
Ll | Pick, Pack C;r;?te Manage | equ;r::lnen * RC (I;alpautv
And Ship Docum o Inventory an

http://www.instep.co.th/innova/solution_erp.aspx
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Profit | Asset | « |Financial
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KPI Hierarchy _—1

I
>
- - 2
: Profit A o
Lee and Chien (2020) Ssets 5
5
o
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R EE A A R @)POLab

Troubleshooting...

TR A ZE R EE R E(R)E ?

4

< N

ML/DSTEE14E

BErC.&5F ..

1]l

AR 7 B ML/ DS A A 58 R 3R B 14
BAlER F EZEA.. (ARESE )
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BlEEESES @)POLab

1 48 Journal Editor-in-Chiefs...
PERSPECTIVE

Control of Confounding and Reporting of Results in Causal

Inference Studies
Guidance for Authors from Editors of Respiratory, Sleep, and Critical Care Journals

David J. Lederer'?*, Scott C. Bell®*, Richard D. Branson**, James D. Chalmers®*, Rachel Marshall®*, David M. Maslove”*,
David E. Ost®*, Naresh M. Punjabi®*, Michael Schatz'®*, Alan R. Smyth'"™*, Paul W. Stewart'?*, Samy Suissa'®*,

Alex A. Adjei'®, Cezmi A. Akdis'®, Elie Azoulay'®, Jan Bakker'”'81° Zuhair K. Ballas?®, Philip G. Bardin?',

Esther Barreiro®?, Rinaldo Bellomo?®, Jonathan A. Bernstein®*, Vito Brusasco®®, Timothy G. Buchman®6-27-28,
Sudhansu Chokroverty?®, Nancy A. Collop®®®', James D. Crapo®?, Dominic A. Fitzgerald®®, Lauren Hale®*,

Nicholas Hart®®, Felix J. Herth®®, Theodore J. lwashyna®’, Gisli Jenkins®®, Martin Kolb®®, Guy B. Marks?°,

Peter Mazzone®', J. Randall Moorman*2#344 Thomas M. Murphy®®, Terry L. Noah?®, Paul Reynolds*’, Dieter Riemann?®,
Richard E. Russell*®*°, Aziz Sheikh®', Giovanni Sotgiu®?, Erik R. Swenson®®, Rhonda Szczesniak>*°°,

Ronald Szymusiak®®°’, Jean-Louis Teboul®®, and Jean-Louis Vincent>®

"Department of Medicine and ?Department of Epidemiology, Columbia University Irving Medical Center, New York, New York; Editor-in-
Chief, Annals of the American Thoracic Society; *Department of Thoracic Medicine, The Prince Charles Hospital, Brisbane, Queensland,
Australia; Editor-in-Chief, Journal of Cystic Fibrosis; *Department of Surgery, University of Cincinnati, Cincinnati, Ohio; Editor-in-Chief,
Respiratory Care; ®University of Dundee, Dundee, Scotland; Deputy Chief Editor, European Respiratory Journal, ®London, England;

Lederer, et al. 2019. Control of Confounding and Reporting of Results in Causal Inference: Studies Guidance for Authors from
Editors of Respiratory, Sleep, and Critical Care Journals. Annals of the American Thoracic Society, Volume 16, Number 1, 22-28.

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 20



R EE A A R @)POLab

0 Key Principle #1: Causal inference requires careful
consideration of confounding (T1&&)8)
® Preferred variable selection methods

— 1. Historical confounder definition with purposeful variable selection
— 2. Causal models using directed acyclic graphs

® Variable selection methods do not adequately control for confounding
— 3. P value- or model-based methods
— 4. Methods based on S-coefficient changes
— 5. Selection of variables to identify “independent predictors”

® Do not present all of the effect estimates from a model designed to
test a single causal association

— Design of Experiments (DOE), Taguchi Method, Fused Lasso, Grouped
K-fold Cross Validation, Tree-based Method, etc.

Lederer, et al. 2019. Control of Confounding and Reporting of Results in Causal Inference: Studies Guidance for Authors from
Editors of Respiratory, Sleep, and Critical Care Journals. Annals of the American Thoracic Society, Volume 16, Number 1, 22-28.

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 21
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= ,
HEEER @) POLab
O Y32 FSERTEARER ? o ™
® Granger causality tests (FSRIFIERIATED) 0 W
— directed acyclic graphs BhS=e N i}‘j“t-,
°» NETHNBBRIA ' s 7/l
— RRIBEER > generalized A+ A X // AL |
— BAEREBER > specificHFEA . / / ;
® CRISP-DM #Z#772 t "
— Business understanding (BZ£I2fZ) o &

— Data understanding (E{I5I2#7)
— Data preparation (BliE78 1)

— Modeling (221%)

— Evaluation (£1d)

— Deployment (i)

By 4L o RIEcdy & 3710 6Dl & RedR LR T o

Wu, T.-Y., Lee, C.-Y., Chang, C.-H., Jiang, L.-D. 2020. Data science for Brent oil price prediction. 2020 Chinese Institute of Industrial Engineers
(CHE) Conference & Annual Meeting, Yunlin, Taiwan. o _
Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 23



R 2R AR 52 @)POLab
O IEIEEE (R8I : 9758 ZDivide-and-Conquer strategy)

o EOEH  BRF2REZAEREERXF (BEMECE) :
— HEE)BEFS L TEES  BRR - BRAZ . ; :
— EREBEFS  FTHER  ORG BRS m ][] [o (& [ |[c

— FARELLTE - GDP ~ M1B ~ PMI ~ CPI(E &) + Interest Rate - Exchange Rate%s
— IS (ZEEDNAEREE - BUs - &5 - b~ KERE - TR - MR - time lagS
— TR EIEHEE R - MBS

ol BRI EE - FR0

— Time Series Decomposition
> Trend (t8%) P
> Cyclicality (long cycle) (B £) .

> Seasonality (short cycle) (Z &)
> Randomness (1)

Price
5 B &
B8 ® 8 & &
=
ra
=3
=]
=
2
g
-
=
g
=)
-
]
B ]
=]
—
=
= |
o
—
5
]
S

g

_ Hllbert_Huang Transform - 0 200 100 600 800 1000 1200 1400 1600
» Empirical mode decomposition ™
» Intrinsic mode functions (IMF)
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iirbal N @)POLab

AN + 1%

Rule-based Model-based
-< Y = f(x)
Model-free

-

— e,
o+

LEES (eg. Google map, BE )
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Beyond the Prediction... @)POLab

A AEHEIE

3. Criticism
4. VValue of Information

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 26




HH R ERHEE

@)POLab

ML/DSRYFERIAE R &l 2 ol ERING 7

R AOE. .. samsean

Productivity Optimization Lab@NTU

1o ? WHY ?

Beyond the Prediction
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HH R ERHEE @)POLab

0 ML/DS Nature ({01122 ? g0{a] A5 ?) Loss |
yt yt yt k
o O O
o ® o ® o @
o o o
< > Induction < g Dedu’ction <
o (b 40 %) o (7% & %)
Specification Generalization Specification
HrrR ik — A v kv
(% #) (= %2) (4 #)
Data Focus (£2) Application Focus ()
Model Focus Adaptation Focus
- & B - BEWBRARE (e EREELRE)
- REFIRR AR R/ N/ W E R - SEME TIEEEH— KGR

- KRR R (HEN - KEIRRE - EE M)

SR | BREE?
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HEA S EE @) POLab
O 245 ER Ve

User S|

Specification ;?Tﬂ%ﬁﬁ , Generalization
whk(E/Ze s Modularization g pmse
(5 7) A (BE3EE)

e

o EAATIMISH - FRGAMNEBMBALBAT
o BHIE>—MIE>HHIE> —BIESBHIE>—BIES ..

® Mindset#s &
— As-Is: IHEEEIEEE - ZPALE0E C IBERES C HEI &
— To-Be: IG5 FiR R (BRI BF) REF/EHFEMD - HLEIHK R
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HH R ERHEE

@)POLab

ML/DSRYFERIAEZIR R 7 EAH...

(value)yd{a] ?

o] P = (measure)lf ?

HIRAREEREL - MAKRSES WM (reward)2 1815 (regret)

Productivity Optimization Lab@NTU

Beyond the Prediction Dr. Chia-Yen Lee 30



HH R ERHEE @)POLab

Oz EMBZEE (Expect Value of Perfect Information, EVPI)
o 2HEE AR HER100% TR A ZE & BEH IR A 1 E 14 (uncertainty) - i.e.

s 2\ =X

TTEE nﬂ (perfect information).
® EVPI =T EMEAZHM(ERPI) - HE AL A (ERw/0)
® EVPIEERRKREBHNAKRKAEE EBEEZNTHNEEAHMUERTEEN

=T ERPI"
O EfREAZERE (Expected Value of Experimentation, EVE)

o HAERHESEEZEN  ILIBBFEERRELEENEE)
— R5EZE 5 (incomplete information)
® EVE = EEREAZIAN(ERE) - & HAZ #AN(ERw/0) — | ERE [TEVP

® EVEETEEARERMARNKRERERET
— BN AT EML/DSE R AR P ERI AR

EVE

— ERW/T

O E K247 (Bayesian Analysis) for EVPI and EVE Raifta.and Schiaifer, 1961
o 5% : FAIE RV R AL FE R EML LR 2 (likelihood function)

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 31



HH R ERHEE

@)POLab

D 9#*4?1“7][]“#;_}5? \ %:'%E E,E\U Extubation Prediction in Surgical Intensive Care Unit (SICU)

® Data Source: ICIP of case hospital in southern Taiwan (2015-2016)
® 23 variables: biochemistry, arterial blood gas (ABG), blood cell,

Glasgow coma scale (GCS), APACHE, extubation, etc.

— Imbalanced dataset between 1565 and 626,894
® 359 observations including 49 failure cases (i.e., reintubation)

® Summary and feature selection

Success (Mean/Std) Failure (Mean/Std)
APACHEII 12.11/5.21 17.82/5.80
RSBI 48.04/27 .91 breath/(min x L) 67.88/34.41 breath/(min x L)
Heart Rate 91.49/17.06 bpm 94.69/14.91 bpm
White Blood Cells 12.05/4.85 103/uL 12.87/4.37 103/uL
Na* 138.47/4.29 mmol/L 140.98/6.69 mmol/L
Glu 175.47/62.66 mg/dL 182.14/55.54 mg/dL
PaO,/FiO, 367.78/96.62 mmHg 324.26/75.72 mmHg
Hct (ABG) 34.16/5.35% 31.64/4.04%
Age 58.83/15.40 64.58/16.89
Weight 64.15/14.77 kg 62.03/13.12 kg

Productivity Optimization Lab@NTU

Tsai et al. (2019)

Beyond the Prediction

Variables Freq.

Apachell 292

WBC 155

Eye Opening 114
Heart Rate 111

Glu 108

Na 103

Hct (ABG) 100
RSBI 90
Platelets 64
Weight 62
Verbal_Response 61
PT_INR 59
ARTmean BP 54
pO2_FiO> 53
PIMAX 44
Gender _men 36

ICU_Emergency 19

Dr. Chia-Yen Lee 32



HEHIEAE R EE @)POLab
O oh & s g 5 308 TER]L

® ;i ¥ A 49 (decision analysis)c <« & &

® B sian analysis for posteri __ :stimation Success 0:/186— 4.5 days
\ 13 ~ :
}j:- "~ _ 'S ~

Extubate Fail 0.2814 21.2 days
A ERE 9.200 days \ /
78 y 0.2201 ) .
4.83430 days Predict

5.5 days

Use Predictio '\31 Use Prediction Failure Not Extubate \ )
Not Extubate
Model Model d 0.9902__{ )
(4.8480 days) (5.5 days) Success Y- L4.5 days ‘
. Extubate
Predict : [ )
Fail

Success 4.664 days ! 0.0098 k21-2 days )
0.7799  Extubate '5 5 days )
By Experience (4.664 days) Not Extubate \ )

>.> days Extubate Success 0.5304 4.5 days
Fail f )

Not Extubate 5.662 days 0.0696 121.2 days
(5.5 days) ) g
Expected Value of Experimentation (EVE) = 0.652 days Not Extubate X 5.5 days )
(Saving)

Tsai et al. (2019)
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¥ R LTS @)POLab
OO ¢t £ s g % 2 T

® |s always prediction model useful? “It Depends” on the prior...
— —> Applicable condition for building prediction model...

(Saving) Days
1.0
/1=~
- = EVPI / N
0.8
0.6
0.4
0.2
- - -

0.0 Failure

199:1 | 149:1 | 124:1 | 94:1 64:1 44:1 24:1 13:1 9:1 4:1 3:1 2:1 :

0.5% | 0.7% | 0.8% 1.1% 1.5% 22% | 4.0% | 7.1% | 10.0% | 20.0% | 25.0% | 33.3% | 50.0% Rate

Tsai et al. (2019)
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Beyond the Prediction... @)POLab

J_“;Ns/ xl?il-l-

5. Risk Assessment
6. Prescriptive Analytics
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AR LR @)POLab

0 For decision support...let us think about one simple case
® |If prediction model A with accuracy 95%, but it causes a “big loss”
when the forecast is inaccurate.
® If prediction model B with accuracy 90%, but it causes a “little loss”
when the forecast is inaccurate.
® |f you are BOSS, which model do you prefer? A or B?

{

® ¥

Productivity Optimization Lab@NTU Beyond the Prediction
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O Risk Assessment (AI1% 284 & [ 51 10)

© JELPE i EE
— BRI E SRR ? W - B~ (TR - [OJ5EE ?
— BIR8MLIEA 7H A3 fed o [l (F5 3R PIRY L Per)

> A(Man) * #(Machine) * #l(Material) ~ 77A(Method) * HI= (Measure) * &
(Minutes) * £ (Money) - }21E(Mother nature/environment) + & &fl(information)

— RAFERI A - ERNE/ME R - AR - ERERER...
® &R

— BRROLEHRENEEX - BRZERMETE ;| ATEREEAEAIEZESR]
el - SHAEEG N ZERERATE

— Rz = FE(S) x #HE(P) x 1=RI(D)
o EfgFFE

— BEPREELLR - RREBLIRR

— BRF UK E 2T (T ZE/ A ol ZER A F s R A EE R/
o [E PR ERIE

— JE| B AR # (risk avoidance) ~ [E PR PR 1K (risk reduction) ~ & 2 EE 32 (risk transfer)
» @R (risk retentlon)

1T g s i 22 B2 (2009) - JE e R, [ %R FRAE £ - - https://cga.nsysu.edu.tw/var/file/64/1064/img/2505/468727368.pdf
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E B/s/\/\/;lﬂ% @P@Ldb

O & fa ¥t 2 3= (FA B AH 48 B8 Bt (Bl — AEA)
Al'E TEORI/ A B A HA TR RS 2

FrE - 2l (A)CIM/IT (B)IE/PC (C) LA%2/R&D
KPls: move, WIP KPls: 245 KPls: cost, AZHF, KPIs: B
cycle time
1 A\ (Man) (Al)pe &34 17 A 4 (BL)i¢ * & ek &
21#%(Machine) (C2)iE3R P+ 24 [ ik
7 1

3l (Material)
477 7%£(Method) (BA)in 424 47
5H]& (Measure) (AS)#cip B~ 17
6HF[E](Minutes) (A6)#-%] Retrain

7& < (Money)
8IHIE (Mother
nature/environment)
9E& :fl(information) (A9)- Hr it sFrx it (C9)onlinesg ip| & &

TR S 2R B (2009) - JEfm S N, G R HE2E T - https://cqa.nsysu.edu.tw/var/file/64/1064/img/2505/468727368.pdf
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RIS BRI @)POLab

O BT (B = & x =X x ®R)
® & (severity) ZRUE D RRAK BV IS4 LY.

BR/mERk | ke [T
3 JERE

AT EZE  KPIBER( iz
2 BE ESMESSE KPIPERE

1 E BF/MEAER  KPIEERI(E
RIE

FERREQ)

2 (moderate risk)

- S A PR 69 )R
o OJgEtd(possibility) ZRUL D EEER | s meocancse

FE e o) 7 AE $5

HEREBDLL 2 (moderate risk)

3 A B TE 51-100% PR & R 4,
” tno s #4(1) o+ o AT
2 alge 21-50% M & o AE 0B
1 4 ROgE 0-20%
% FRTH() T H(2) & -F#E(3)
o

(TR 28 B2t 22 &2 (2009) - JE\m S B K, (iR FREZE - - https://cqa.nsysu.edu.tw/var/file/64/1064/img/2505/468727368.pdf
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JoB| Peg B R R @)POLab
EHH R

Ok %78 3 s et i
® B h kA TS ] T T R RIE L 2 AR &
® W R G T/ T A S —— "

JE\ BT H JE\BRAE T3 BEBREFg | TR | BERERFR
R RER Ly il
)L [TEE
5o 2(S) 1EER(P) {EHI(D) (R)=(S)x(P)x(D) (R)=(S)x(P)x(D)
Bl 2 3 3 18 Action 2X2x2=8
C9 2 2 3 12 Action 1x2x2=4

® b 'E AL
— kb *% ¥ (risk avoidance) ~ & *& "% ™ (risk reduction) ~ & *& i #5 (risk
transfer) ~ kb *& %3 (risk retention)
— drim g Hr i enk ‘% ? EQ. 3T vs. 3

(TR 28 B2t 22 &2 (2009) - JE\m S B K, (iR FREZE - - https://cqa.nsysu.edu.tw/var/file/64/1064/img/2505/468727368.pdf
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0 PASS/FAIL Quality Prediction (128 lots in production line)

® Classification = tradeoff between confusion matrix =2 Cost-Sensitive
® Cost/penalty of two risks (Type | vs. Type Il) - Prescriptive Analytics

Model A Prediction

PASS
P
61 7,
v20_ |41
Accuracy AUC
Model A 71.9% 70.2%
Model B 78.1% 78.9%

AUC: Area under the Curve of ROC

Wu, T.-Y. (525%541) 2019. Cost-Sensitive Method. https://github.com/wutsungyu/Cost-Sensitive
Lee, C.-Y., and Chien, C.-F., 2020. Pitfalls and Protocols of Data Science in Manufacturing Practice. Journal of Intelligent Manufacturing
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https://github.com/wutsungyu/Cost-Sensitive

Beyond the Prediction... @)POLab

/. Concept Drift
8. Domain Adaptation

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 42



Retraining and Transfer @)POLab

[0 Concept Drift & Domain Adaptation

® Concept drift detection ({05 =EL A% 7 FEZretraining)
— Hypothesis test and control chart

® Concept drift understanding (7= /512 22 AR IR AR [A])
— Time of concept drift occurs (When)
— The severity of concept drift (How)
— The drift regions of concept drift (Where)

® Drift adaptation (Z1{2retrainf=2Y)
— Training new models for global drift
— Model ensemble for recurring drift
— Adjusting existing models for regional drift

[0 Transfer Learning
— Instance based transfer learning
— Feature based transfer learning
— Parameter based transfer learning

— Relational knowledge-based transfer learning

Lu et al. (2020). Learning under concept drift: a review. https://arxiv.org/abs/2004.05785v1

Ran, et al. (2019). A survey of predictive maintenance: systems, pruposes and approaches. IEEE Communications Surveys & Tutorials.
Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 43



https://arxiv.org/abs/2004.05785v1

In-line Predictive Monitoring (ILPM) )Pf)Lab

Phase |- Process Parameter Monitoring Phase |I- Equipment Parameter Monitoring
Target Baseline

1.1 Data collection ‘ Off-line training
— Actual value ‘ L]

' In-line icti
i - prediction
Sensor1 Prediction —{ 1.2 Data preprocessing ‘ |:|

A I |:| Concept drift

All good products \

Product A ‘ 1.3 Training & testing data |
——— 3.11 ILPM model
Cusum, ‘ 1.6 Prediction model ‘ retraining mechanism

training

‘ 1.4 Median for Centerline ‘

I

3.8 Alarm and
= ‘ 1.7 Model validation ‘ 3.10 Add new samples equipment
f in ILPM training data ;
‘ 1.5 EWMA for Target ‘ ] maintenance
Baseline (TB) 2.1 New sample
| | ) \ prediction ves Equipment
> es
\ | Time I-----—-———————————————7——-lﬁ ----- i misalignment
Start Half End | Pre-alarm stage ‘ 2.2 Distance calculation ‘ : | val
' between Prediction and TB i (actual value error)
1 1
. ! !
. H )
Time: Half i ‘ 2.3 CUSUM control chart ‘ ! 3.9 Update posterior rﬁgni?;)ilr?slizt
: ! in Bayesian monitoring of control?
1
i 2.4 Predicted ! Model misalignment
i | 2.5 Pre-alarm CUSUM out of ! (predicted value error)
Sensor1 ! control? | _
. 1 1| 3.4 Continuous o
b ---zc-zfpzzzzzzzzz=zz===dzz==Fzzzzzzzzzz< monitoring 3.6 Lifetime
1 1
1 ; ; out of control?
PrOdUCt A ! 2'352%1?5::;?9 ‘ 2.7 Distance calculation i
between Actual and TB
CUSUM ) i Troubleshooting 3 |
H ' 3.5 Equipment
1 I . .
/ \ pry : > 8 Actual : parameter monitoring
/\/\ b, ~ 1| 2.9 Alarm CUSUM out of :
\ control? \
1 1
i : No 3.3 Loss
. 1
i i * Time ! ‘ 2.10 Alarm confirmation & ! CUSUEA c;}:t i
i . i control?
Start Half End | Alarm-confirm stage |« ¢ E’r_’eic_'i”l ________ !
. 3.1 Loss calculation 3.2 CUSUM
Time: End between Prediction and Actual control chart

Lee, C.-Y., Wu, C.-S., and Hung, Y.-H., 2020. In-line Predictive Monitoring Framework. IEEE Transactions on Automation Science and Engineering.
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In-line Predictive Monitoring (ILPM) @Pf)Lab
0 Good product plots

® Pre-alarm stage: (a) distance between predicted values and TB; (b) predicted CUSUM

3.0 10 -
Cumulative Sum
2.9 - —
8
) 2.8- Distance £
Ly .
> A SIS : s
- b AN N 5
3 2.6 ; I P 3
T ! j 2 4-
v 25 . e R TR SISt STy - S
o
2.4 Prediction 2
= Actual Data
2.3 Target Baseline
0 25 S0 75 100 125 150 175 200 . 100 iéo 140 160 180 200
Data Point Data Point
® Alarm-confirm stage: (a) distance between actual values and TB; (b) actual CUSUM
3.0 10
Cumulative Sum
2.9 = CL
2.8 Distance ) °
@ e = 5
- 2.7 - '\ v '
. %f :
g 2.6 £ i
S | I! Z 4
n 2.5 N e e " / =
O
2.4
= Actual Data 2
2.3~ Target Baseline
0 25 S50 75 100 125 150 175 200 0 o 430 40 i - s

Data Point Data Point

Lee, C.-Y., Wu, C.-S., and Hung, Y.-H., 2020. In-line Predictive Monitoring Framework. IEEE Transactions on Automation Science and Engineering.
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In-line Predictive Monitoring (ILPM) @Pf)Lab

0 Defective product plots

® Pre-alarm stage: (a) distance between predicted values and TB; (b) predicted CUSUM
4.5

e e ~. 80
4.0 - i \ Cumulative Sum
S i N N N | 70 - = UCL
3.0 i ! =
. I _ 60
o 3.0- ! i =
® ' @ 50
g 2.5 l\ _____________________ /" i
S : S 40
2 2.0 Distance L
Y = 7
1.0 Prediction - 20
— Actual Data
0.5 Target Baseline 10
0.0~ | ' ' ; ) ) ; ‘ 0
0 25 50 75 100 125 150 175 200 100 120 140 160 180 200

Data Point Data Point

® Alarm-confirm stage: (a) distance between actual values and TB; (b) actual CUSUM

45 - ! 80
: : Cumulative Sum
4.0 70 - =— ucL
3.5 60
v 3.0 ]
3 n 50
S 25- , @
o - S 40-
@ 2.0- Distance L
g 2 30
v 1.5 =
)
1.0 20
== Actual Data 10
0.5 Target Baseline
0.0~ ' ' ' ‘ | ' ' 0 '
0 25 50 75 100 125 150 175 200 100 120 140 160 180 200
Data Point Data Point

Lee, C.-Y., Wu, C.-S., and Hung, Y.-H., 2020. In-line Predictive Monitoring Framework. IEEE Transactions on Automation Science and Engineering.
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In-line Predictive Monitoring (ILPM) @Pf)Lab

0 Concept Drift of Model/Equipment Parameter
® Bayesian Monitoring
® Scenario 1: Random Jump

a =
w | W | o Jump point f
™~ ™ —— Process mean
= Contral limit
S & —— zscore
: :
m [To © oo
> E
5] w
2 o | o 2 4
E ~ 8
[ 2
w o W —
n —— Estimated mean
— Control limit
=—— Posterior mean S
o
— Sample value
[ LCL
w0 T I I T I I T I T T I | — | — T T T T T I
Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov
Month Month
8 8 -
—— Estimated mean . o Jump point
—— Control limit —— Process mean
o | = Posterior mean J = | —— Control limit
o © —— Sample value c @ —— zscore
: 5
©
= E
2 o g _
2 8
@ £
w N o
=3
— [
o —frhl L=
I T | T |

Jan Mar May

Month Month
Lee, C.-Y., Wu, C.-S., and Hung, Y.-H., 2020. In-line Predictive Monitorin Framework. IEEE Transactions on Automation Science and Engineering.
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s

\I:I I:IIZI

Conclusion
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~1

BT (Analytics) T P& B

What Why When

Why did it happen?

(R REARA)
What happened?

(EFEE) happen next?

(FIREZS)

Descriptive Diagnostic Predictive

IS 2 iillas

FEOHI A

When/What will

How/Who

How can we make it
happen? Who takes it?

(ATRAE)

Prescriptive

Fa T3

@ POLab
Where

Where should build

routines?
(FFENEE)

Automating

Bt

BRI E RAREA FEEER FREREBAE B B 12
REIL W3R R TE AFE5% BIR1E1E 78 & 1A s A
RENE FREE& BNy [ iz w1 By 1B
—\ > =
) B et BT 7
Lee, C.-Y., and Chien, C.-F,, 20% Pitfalls and Protocols of Data Science in Manufacturing§actice. Journal of Intelligen%anufacturing. N

Productivity Optimization Lab@NTU Beyond the Prediction
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ABEASR . HWSET? @) POLab
Al
“NRIPLELFESRIFSZENET -  SHEHENEM  2IEEGMEAY -
SR EEZMARINEIRZMNERE - 2EMIZERITEZFANEE - SHIER

RMERERGAET - EREAZ—F/ND - EMESHESMEENES -7
= oo|s MLz 2
P g o “BRMmRIN LR AZ K - S AEERSR
Putting the Enterprise into MR E o SET5 (business) BB B&A
the Enterprise System WEE - KMWREER - 23 F#RNE

oo e 22 BNBRMBHE - MEREEAS %S

EEI—JZ "
m oK e

O ‘TERFNEE  TeERRHAASHNELE -
MELASINERES ~ S L. ... =57F]
75 (specific, customized)iViiitz - BlgE 0] LAl

P e ST B EERFIVIREELIIERAE

= = FA(generalized) iR 12 -

sales of the larges https://www.hbrtaiwan.com/article content AR0001429.html?utm campaign
=2010fanpage&utm medium=GH post&utm source=Facebook&utm conte
HBR (1998) nt=1006 2200&utm term=

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 50
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https://www.hbrtaiwan.com/article_content_AR0001429.html?utm_campaign=2010fanpage&utm_medium=GH_post&utm_source=Facebook&utm_content=1006_2200&utm_term

@)POLab

BMAIRZZILIEE(IRE) - MIFTLEE.

BZAEIR MBEE—FIEE..

R F BRI EI.. AREREN— .

Productivity Optimization Lab@NTU Beyond the Prediction Dr. Chia-Yen Lee 51



ML/DSHI K @)POLab

' : ARIEEERE EIK | IR FHAIERE  REmIIRE
D UnsuperVISed Learnlng ﬁﬁ%ﬁﬁ]ﬁ (https://www.ettoday.net/news/20201101/1844532.htm)

O Auto Labelling BAEIZII Inverness Caledonian Thistle F.C.
o MIEEZES - DS BB— BB EES] rwoin &

[0 Metadata, Small Data, Big Data

[0 Data Generation/ Data Imbalance

O Transfer Learning & Domain Adaptation
o AN+ >+
[0 Risk Assessment (AsERI &)

O#%VEH : BlbElok - BRBEEZAAR?

® Control:EBEZ =#fin control{B2 & Souti®, scheduling/AMHS (& —Ui&

#idelay—~...)
® Environment: S EWIE, RaEEL, ESEAR, BRZIIaEMNER
(RIZER)

OAIBERKEBERZES 7 - BEERRTERE...
® Symbolic regression: E& ¥k ok; B 52T A LEME
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[Andrew Ng]

AISLEF TSI L ThEL /B 1) - (BN R/ MIRs i
B EREBEANS A
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