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e This is my first time to teach this course. Feedbacks are extremely

appreciated& 3 . \\'>
® The ¢ xyllabus is tentative, and @ﬁr}y need to adapt dependin@‘ﬂ‘t\lne
cons S.

4

1%; urse is just an introducti '&ﬁlthough it covers several ir%e ing
Qb s, you may dig more mate@ for researches or business @p ations.

[ ]
\(bSOme topics are very recent’ﬁ&i we may not find one textb to cover these
materials. Hsvever, I’ll provide some references at the end of each section.
N
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What is data-driven optimization?

@ <\<>§ {\o;‘

0 Problem—drlven research: the starting point is a problem 1dent1ﬁed by an
academic @ industry professional, and h@challenge is to find answersby»

develo in@ew theory or new insights, ..&.x ..&.x

® Data, n research: the starting poi a large amount of data,
ch@ge is to find answers by an. ing the data and developin &Q models.

> >
Simchi-Levi, David. OM forum—OM research: From problem-driven to data driven research.

Manufacturing & Se@ce Operations Management 16. 1& 4): 2-10. \\‘/
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An example for problem-driven research

\) \)
& 3
\ w{?

Figure 2 An Example of the Location-Based Heuristic

\)
Fr(Qx%eory to practice
X0

The area where the
customers are located

® Theory: Loec o based heuristic to

solve th itated vehicle routing
proble @
° Pra% : New York City school &K%
S , About 100,000 student@(o@
% around 1,150 buses. XS
e Used substanti:lly fewer buses than

Seed point
of the route

Depot

what the cit ed.

i @ Customer
( g é } Tour used to contruct heuristic
n‘: ”~ X\“’/ o,% i
& é N\ ¢
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What is data-driven optimization?

) S
e{ Arr'retailer offers new produc {Ma’online 48-hour sales eventst ™
\(bThe retailer has very little

price.

o [t offers 2’@6 price during 48 hours. ;‘\\'Q »\9

[ European luxury fashion
: 80 B Men’s :

ledge of customer demand function of

Price might
< e cEA

L SS WP W Price might KSR NI
0% 60 ’ be too high 0@

Frequency (%)
£
<




What is data-driven optimization?

< | <
(\% Demand Pattern with a Single Price 9
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70 o \\'>
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4017 About 40% of E

30 sales occur in 4

& first two hours \
(\@ - @

OCrANMTDONDPOrNNTVONDDO = N D
—————————— SRR RN

Hours i

Percent of total sales

5 24

AT
This suggests once an event starts, the s\‘ler faces an _%;\\'
exploratlo@ loitation trade-off betwee nmg to gather more inforr@o

about tge and function versus optlmfz
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What is data-driven optimization?

The@% was to improve revenue, b@% was not clear how to achl@%lat

ctive.
It was the data that suggested that the retailer had an opportumty to learn about
consumer behaw@ in the first few minutes of‘exk ent and then optimize prl@&é}

decisions. \
® Dev % a learning and optnnlzati@ethod with very few pric ﬁ@e‘u

E@e ed revenue increased by 6 \Y

érging theory and practice, 0

It started with data from oﬁ"retaller and their interest in u §%{ng data to
improve the@rlcmg process.

e If the ret;";e\; changes the price k times @hg the learning period, e (E\e%t’g

loss i ortional to O(loglog- - -lo

(:‘5‘ ‘ ,~§ : Qi\w i
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Why do we need data-driven?

N O \)

S S S

'B@traditional supply chain mzfﬁggement will hit a wall sooner"&ater.
— David Simchi Le(.

>
® Organ \ss are changing the way t ture data, analyze infor b@h
and decisions.

rstand unless we have acc behavioral data.

° W, ‘aialyze systems that involve S le. Such systems are dlfﬁc&%

\(bBrought together statistics, Chlne learning, and OR tech‘m{éles to not only
deliver an effective pricing optimization tool, but also identify opportun1t1es

and devele ‘bﬂew mechanism. \\."
N N\

N\ o
s@ pR s@ ,,:i\..w
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Types of data-driven researches

S S >
(\ | O

_ \ N\
’K@” types of data-driven resear&h{é;
® The focus is %1 a specific goal—increase rev§ue, decrease cost, reduce the

spread of %‘S&pidemicamd the challenge§ let the data identify thé®™
specifie~ , opportunities, and mo@&t‘h t the organization shoul

on. \W}

° @cond is an open-ended se r correlations and relatior%;‘} without
«@n clear goal in mind. This is{typically the objective of dat ing:
\@uncover economic or other ionships by analyzing a huge ass of data.

Simchi-Levi, Davji%VQM forum—OM research: From p@m—driven to data-driven researcb@
14):

Manufacturing vice Operations Management 16. 2-10. ’*x

o & G
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Data-driven optimization and Data analytics

Hlsto , research in operations

m@l&gmen’c (OM) has focused o totlels...

ere has been a shift in regéireh in OM. This shift has b?ﬁ ven
arﬂy by the increasing avalﬁigty of data.

Data analytlcﬁs@r analytics for short): usmg,@a to create models leading toy

decisions tha ate value. .&x -&.x

® Supp ain Management @

K‘hﬂ)camon and Omnichannel oper@\ "%\"/

Inventory Management

N
\@%evenue Management (5\ ch

» Choice Model and Assortnient \'
» Pricing and Promotion Planning Q
> Person@d Revenue Management s\\, §\\,\"
° Healt@ operations *“ +
Misié, V V‘.

akis, G. (2020). Data analytics erations management: A rev1ew§\mi

Manuf rmg & Service Opemtwns Manag' ent, 22(1), 158-169
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Data-driven optimization and Data analytics

4

Anaﬁs v.s. Analytics: 0@ <\®
a

\@ ta analysis: the analysis @ructures existing available it@mation or data
— the past trends.

e Data analg%\}f the analysis uses data to t‘\l&e models leading to decisio \>
that c

alue — the future trends
The ation of scientific & math cal methods to the study lysis
of problems involving complex sysems — Definition by INFORM&'\
O o
egg\iptive v.s. Predictive v.s. riptive:
R R 2

® Descriptive analytics: describes what is happening.

® Predictive s@}ytics: forecasts potential fu@ outcomes. . \\}‘
° Presi@e\analytics: helps you dra\@ ific recommendations. @%
https: é;( /informs.org/Explore/Operations-Research-Analyt igi\w f
é AN 3 4
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Business
\._ problem .
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Prescriptive analytics

Estimation/ - s
.‘g@ Prediction N “SS@‘
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Another example: On-Time Last-Mile Delivery

\) \)
Sty e oo S
% vated by the delivery oper. @s and data of a food dehvagylz;erwce provider
, we discuss a framework*that 1ntegrates travel-time predictors with
order—as&gnmen optimization.”
A g
The order- \!nent problem consists o @t ges: "‘&"
® Upo iving the orders from cust locations Z, the service pr @r first
the locations Zj, to drlvetéa ong a pool of drivers K, \
t

(bﬁ driver k then chooses a o visit the locations 7. <\
b\ 4

Sheng Liu, Long He, %uo-Jun Max Shen (2020) On-Tim st-Mile Delivery: Order Assignmenty
i i ictors. (previously Data-Driven, r Assignment for Last Mile Deli\&{}'

with Travel-Tim

Managemen@« 67(7):4095-4119. @ @
4 A
(\ 3 A ? ¢
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On-Time Last-Mile Delivery

Da@%’c /\% <\ »

® (1) the order time: the time when the order is received by the provider;

® (2) the qu ‘&Qy the number of items ord ’\\,Q
* (3) ti@b window: the guaranteed@ ery time; @;}"

° (4) kup time: the time whe der is collected by a drlvei;)

é he delivery time: the actua.l\%e when the order is delive 5\ the
ustomer;

(6) the longitude and latitude: the customer location;

e (7) the cut@ime: the provider has deten&d a sequence of cutoff time\\}‘
{t1,t2, d all orders placed in (tr,('@ are guaranteed to be de}u@&»by

tnt1 : inutes. X\«/’ \w ;
(‘ 3 L3 ’ “SS
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% Figure 1. (Color online) Historical Demand Density Heat
Map (Circle in the Center Represents the Depot)
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Figure 2. (Color online) Dehvery Routes by Three Drivers
(Circle in the Center Represents the Depot)
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On-Time Last-Mile Delivery

O <
N S S
’f\vo practical concerns in the ogéer assignment problem:

® The driver] s@utmg behavior Q
Lg%n

X
— The drivers do not always follow the ed delivery sequences from*ﬁké

routi Is Q@ @

— “/sVRP (stochastic), DOA({ =driven order assignment) ,\«%

° @ertam service time
(b The time a driver spend%za;\a customer location is hlgh%(ﬁertain
— SAA(sample average approximation) and DRO(distributitnally robust

optlmlzat{o‘&'b ) \9 s\\\,

D ) 3
IS © kS

& .} \ 3
N\ aN
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On-Time Last-Mile Delivery

' 4 ' 4
\ A N
(\Q Figure 9. Out-of-Sample Performance (Improvement over {\

the VRP-SAA) of the DOA and VRP Models \(&

%%%#ﬁ# O

DOA-DROt  DOA-DRO  DOA'SAA  sVRP-DROt SVRP-DRO sVRP-SAA  VRP-SAA

odel . \\'>

Table 6. Average Improvement of the DOA Models and Scaled VRP Models over the VRP-SAA

DOA-DROt DOA-DRO DOA-SAA sVRP-DROt sVRP-DRO sVRP-SAA g k

va

Average improvement over VRP-SAA, % 36.3 X 33.8 3.11 103 6.32




) | -

1
:
X

. /
Data Predictive model Predicted delays Optimization  Shortest path
algorithm
Update model to improve chosen %
path (w.r.t. actual delays) e
< < o
~ PR ) ”& {
& 4 %‘b ’ / N
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Data Analytics: Example

analytics process:

&

Approach

Goal: Maximize expected revenue from new products

, ‘
Demand Forecasting )
Challenges:

= Predicting demand for
items that have never
been sold before

= Estimating lost sales

Techniques:

= Clustering

= Machine learning models
for regression

Price Optimization

Challenges:

= Structure of demand forecast

= Demand of each style is
dependent on price of
competing styles >
exponential # variables

Techniques:

= Novel reformulation of price
optimization problem

= Creation of efficient algorithm
to solve daily

W{’Z’

Runyu Tang
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Data Analytics: Example

7

ON A& e Across all perf,@ance

R—re— L£GEND metrics eva regression
M sales
v trees w1th$agg1ng
Mult.: Multiplicative Regression
consistently outperformed \

Semilog.: Semilogarithmic Regression
the other regression mo

LSR: Least Squares Regression
PCR: Principal Components Regression
PLSR: Partial Least Squares Regression

AN
s ¥ & 8
T
i
§
i
§
¥

MEDAE Absolute Sell-Through Errors for Over-Predictions \
M o ~¥~
T @, e Construct into an 1@
w0 . .
. "“‘ gy - ol . . . \% programming pro ndd
MR T ; design eﬂi(nent 1thms
'MEDAPE Sell-Through Over / Under-Prediction Proportions
¢ P prar= | o A
\j i e e B : Table7  Estimate of Percent Increase in Revenue Due to Raising
- ., Prices
O e, semteg, 1 rcx msm || ™ we e sewe &m e rm Estimate of Estimate of Estimate of
e \ percent increase 90% confidence 95% confidence »
- MEDASTE - ""?"‘""“_""°""‘"’°"'°’“““' predictions §, Category in revenue (%) interval (%) interval (%)
e o w m ”‘&“ A —34 [-115,7.7] [~13.5,10.1]
- B 114 [3.9,19.2] [1.1,21.0]
- - . . . . . ¢ 125 [1.1,234] [-2.0,26.6]
" ” R Y D 137 (34,228 [0.0,25.2]
Tee s ns et s E 238 [5.4, 47.6] [0.0, 56.7]
| 51 0

verall 97 [2.3,17.8] [0.0,20.2]
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Data-driven optimization and Data analytics

4

\ Céh \Y
Ds§®en‘cs in the major OR/M$ §ouirhals: O

& OR: Machine Learning and"®ta Science \{&

https: //pubi?nline .informs.org/page/opre/editorial-statement/ \
area—edix —-statements \ ’\\,\'

* MS: .§S ience (formerly Big Dat ytics) *’
htt ubsonline.informs.or e/mnsc/editorial-state

° : Analytics in Operations N

(b& ps://pubsonline.infor %rg/page/msom/editorial}gﬁ‘tement
POM: Revenue Managemerzt\and Market Analytics XS

https://wwwspoms.org/journal/ departme@ s/ N\

N X\
e 1JOC: Da‘%\ cience & Machine Learnin s\\'
http@yubsonline .informs. org/@g/ijoc/editorial-statemé@ e
3 AN
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https://pubsonline.informs.org/page/opre/editorial-statement/area-editors-statements
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MS Editorial statement

& &
Data Science (formerly Big Data Analytics)

Ry

Increased computational power and the explosion of data are rapidly changing the way and the extent to which organizations
capture data, build models, and make decisions. A number of business decision problems impacted by this rapid change are
germane to research in management science. The data science (DS) department (formerly, big data analytics) solicits research that
advances our ability to solve complex business decision problems by learning from large datasets and complex environments.

Areas of interest include problems of dynamic optimization (e.g., how might we exploit structure in high dimensional exploration?);
data-driven decision making (e.g., how might we make optimal decisions in the face of high-dimensional contextual data?);
inference (e.g., how do we draw causal inferences from rich observational data? How might we design experiments on commerce
platforms?); the interface with optimization (e.g., how can machine learning techniques benefit traditional online algorithms? How
can integer programming techniques certify the robustness of deployed DS models?); and fairness and equity (e.g., how can bandit
models increase efficiency and equity in hiring?). In all cases, we care particularly that the problem studied is soundly motivated by
a relevant business or application context. This could range from problems in transportation, to healthcare, to social science
contexts, and beyond. The department will be welcoming of any broad impactful application area. In exceptional research, the
connection of the research to the motivating application context will be evident from an empirical study with data from the
motivating context.

Recognizing the pace of research in the broader DS community, we particularly welcome submissions for which preliminary
abridged versions of the research appeared recently in selective archival conferences (such as NeurlPS, ICML, COLT, and ICLR).
Authors submitting such papers can submit, at their own discretion, all (anonymized) reviewer feedback from such conference
submissions.

AN ? AN ? A 2

Runyu Tang Introduction to D



Some common streams

Common techniques in data-driven optimization;
® Machine ’%\?ﬂg i\'o ,*’
o (Data@ren Distributionally) Robu@ximiza‘cion @
. 'i%predict then optimize (fea &i& data) «’\“3}
OQﬁand learning (multi—armed{ba dit) (\Q

@ 0 04




S
0@)’5&1 32 hours {\ {\
. > 4
\(bl will teach the first 17 houts XS
® The other 15Qours will be taught by Prof. &hang Huili

X X
D D
© ©r-
@Q% Time Content &\)3 \
<\ Day 1 Intr ’%’gn (z}(‘

/e

\(b Day 1, 2 Coﬁmon machine learning method&
%ay 3,4 Data-driven robust_eptimization \
‘\\. ay b Data-driven with ured data s\\\,
@’ Day 6 Presentation{("{:}} @’*’
u‘t y".‘;\x’/ \% ‘
& 3 gg 3 .
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The goal of this course

We want to introduce you to the common techniques and their applications in \
Data-driven oppitaization, such that . . \\."

°* Get @ﬁted in the increasingly @ field of data-driven opti n.

° You‘g ead the related paper& understand the key 1@\@&;&@{ your

@%andle some problems ad%ft}ng the methods introduced(@'\e course.

Maybe, in the future, do sore researches in this field.

O N
N\
<‘© O G
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Where to find data?

< S <
@o% ‘é(\(b \‘?:‘(\

\‘ Kaggle, https://wuw. kaggﬁ. com/

* M&SOM dataydriven research challenge, \'Q . \\'}
> 2018'.@@1nia0 data .&x ..&.x
> Q@J D transaction level data @ @
>‘% Y NetEase Cloud music data .\% ,..3’

"\2021: RiRiShun Logistics data/(Haiér) \Y

(b@h aba Tianchi, https: //t]}g;p\n .aliyun.com/competiti tiveList
XS COAP https://www.coap .s&‘lline/competitions/l X

. Self—collecﬁ@ata... ) \'Q . \\>~
S \ R\
“‘@ ”‘© , “"'s@‘t
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0
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7
[ )
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