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» Beyesian Inference
e Supervised Learning: Classification, Regression
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Scripting Language such as Python
Statistical computing language such as R
Databases SQL and NoSQL

MapReduce Concepts

Hadoop and Hive/Pig

Spark

Other popular tools such as Excel, AWS etc.

Ly SHy IF

Domain Knowledge

e.g. Natural Language Processing, Recommendation System,

FinTech, Customer Behavior Analysis

Communication

Visualization skills

Story telling skills

Translate data-driven insights into decisions and actions
Ability to engage with management or clients

| KAGGLE % 23t H T B

Kaggle THREEHRRAMNBIRZEMBIES RS, B2
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Natural Language Processing

The goal of this web tool is 10 not only let you classifying sentiment polarity of text paragraph, but also show you differences of various
machine learning algorithms on this specific topic. Therefore, in this demo, you can type a single review or use one of the examples we
offer here, then the model you choose would analyze your review and return its own specific result with important key words they
consider highlighted. (Currently, only Amazon Kindle review dataset are used for training models)

The algorithms we choose here are: Naive Bayes, Logistic Regression, Support Vector Machine, and Long Short-term Memory. Each
model has it's own and on time and i accuracy.

Stop words, lematization, POS tagging, stemming, are all compared and picked for each model. And tf-idf score is used for here the
word matrix representation.

Copy or write a review or a sentence with a tone. We predict the tone

SSETA 11

FINTECH (FINANCIAL TECHNOLOGY) PROJECT
(FINTECH &g & mija)

BHEEIT, Lending Club (2E P2P fER414)F 82T
B ETHEFIE, IEREAEHETIESE. £
FinTech B &, FANSERI EMENMIARR T —FHEE
AR A BIE f, B SIRARTEPIRAANE
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Lending Club 4311 B HMME, MAERMLIE K#FTRE.
I RBME#ANTRE, RNV-RESEHTITNENE
ﬁhﬁ,Mﬁﬁﬁﬁﬁ&%&ﬁﬁﬁoﬁMEﬁwﬁ@$%F
mERIE, XW=R5RAFRELNZEINGE,

e 1,320,000+% K EHIEAALIEF 100+EIE4FAE A Fik

e j#id Gradient Boosted Regression Trees (GBRT) &%
MY 7% SIHRE

e WIIARXERmEITE*RETR

o MmSLIE Lending Club 3 & TXHIR H AITHE S R ER
R E AYIEE

FinTech-Intelligent Personal Investment Consultant

The centerpiece of model's entire operation is using algorithm to choose which notes to invest in. Often investors have to choose
between hundreds or thousands of available loans at Lending Club. This model makes the process easier by using machine-learning to
calculate which notes are more likely to perform better than others. The moment new loans are added to the platforms, the algorithm
analyzes the variables of these loans and only invests in the best ones. The entire process, again, takes a split second

The algorithm used Is Gradient Boosted Regression Trees (GBRT). The advantages of GBRT are: Natural handling of data of mixed
type (= heterogeneous features), Predictive power, Robustness to outliers in output space (via robust loss functions).

Five key features was picked according to the feature-importance scores: Debt-to-Income Ratio, Annual Income, Total Instaliment
high credit/credit Limit, Revolving Credit Limit, Portion of Balances.
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s e

Amount Rate Amount Rate Term | %Founded
o 100%
25000 ® n 15000 12 0088
Term(months) %Funded 2 15000 ] 60 69 012
00%
36 @60 ® “ 3 15000 7 3 20 0103
;; Dl - Tl s 15000 27 3 8 0104
® n 5 25000 9 60 6 0136
7 Annual Income
100000 6 25000 19 3 %0 0127
(>} 678191
7 25000 62 % 2% 012
Total Instaliment Limit
0 500300 4 25000 2 60 65 0136
17 Revolving Credit Limit
Portion of Balances
200
| submt )
=
KETE I

GAME RECOMMENDATION SYSTEM PROJECT

EHERFEILERRTD KR, JLFMENETHS. i
XM, MY FeSHERBRRE LERTHERS, EFX
Fah, HERFHEATRDNED . ERMNNFERESER
HIMAE S, WNET Steam F 5, AL ENBERESHT
DA, REFRNZRDEERIT THERS, ARA#TR
M. PR DU IE R AY 2K BIX 45 Rt 17
0, EESERETHE-DMA. FRBMNFREN. ﬁﬁm
B RSN BEL. HERFFESRIT. IRWEE

H, TA—RITENSIOE R RIRE.
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Steam jiF 3k & FIZHEHTEL

300+AY4HEALTE 5 1

E T Popularity-Based Recommendations & &S0 I) %f FH
PRV IEE D8R

NITTAAZBESREEITS = RRER
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s communicste with ther gamers. Rather than providing a static
rs search for and potentially buy games, this game recommende system increase interaction 1o provice
richer experience. This recommender s, 1 identifies recommencat ans autonamously for ndividual users basad on past ther
playtimes, and an other users’ behavior on the stesm plstform

The appreach used to recommend games is popularity based. Basically the most popular games would be recommended for each
user since popularity is defined on the entire user pool. Sc everybedy will see the same resuits The user could filter their selection by
their own ination of ies: Action, A , Casual, Strategy, Simulation, RPG, Shooter, and soon
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FIREHERE
Python:
Introduction to Computation and Programming Using Python:

With Application to Understanding Data (MIT Press) second
edition Edition

" Introduction to
~.Camputation
and Programming

ir ythqn

orstanding Data

R:
R for Data Science: Import, Tidy, Transform, Visualize, and Model
Data 1st Edition
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O'REILLY"

Scienc

NPORT 10Y. TRANSIORY. YEUALUE. AND MO

Hadley Wickham &
Garrett Grolermund

|t i e @

SQL:
SQL Queries for Mere Mortals: A Hands-On Guide to Data
Manipulation in SQL (3rd Edition)
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0

SQL QUERIES

FOR MERE MORTALS

THIRD EDITIKC

A Hands-On Guide to Data Manips

Machine Learning:

An Introduction to Statistical Learning: with Applications in R
(Springer Texts in Statistics) 1st ed. 2013, Corr. 7th printing 2017
Edition

An Introduction
to Statistical
' 1

Q Springer
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FUKUER
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a. BEIFEREMIR (2-4 B)

. BiRHNER (1 B)
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MEARSHENFER ?

HENFHHIENE—PAEER, MEXRNERL. FIE
BV EXNMTERSTREZ/ILNAIE N !
NFMHFBEERFZE AR

BNAMESENTR TAERRERERESERNZKRKRF—EEE L
o PURER. BIIEEAM T HAY, ETE, FHEHA
#MEAS), JEEGERART I EE AL EBIERE S,

DE— EEHTHERRER

Hﬁﬁﬂ%lﬁ“ﬁ" MEFNATM EHIF
O] MU /A S)HREE ML ERAZ B ARG, AE, ROEF
ﬁ%é BAIARREBR XKL, BANIZ RIS
mm

FH Indeed, Careerbuilder, Monster, #1 LinkedIn & Z <[5
MEERZER. BA, BLUERFZNSERIBAREE, W
Kaggle Jobs Board (2017 %% Google Ug 1, Bk & KMNEIER
FRRFE, BETARZHERZEAT)

A, WFEREERPEZE], —&, —&, BEFNRTER
Career Board, &M%, LinkedIn &4 Group B HYIBEEN#E(E
=

2| 5ELEE

OB RIBEEAR, BHESEEENETHR. BLIIMNE
BIERZMIEL, MNFLFRERIIMABNTEEERIE
1T LinkedIn # 2= fiif A SR R 2 98 SL BB TRIR 75 B f 4% 21 S 4
KEINE,

3| £Ex
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HEMNFNBESANEZSBEBESRRSENREY, RIfE
2541 a9 E SN (local meetup), {540, Southern California Data
Science Conference (https://www.ideassn.org/socal-2017/) A4

RET RENBIERFEIE.

DR RN ITEERREEE

BMEZLRET ZEMNITERRER, XERFISKRAENR
INEFE-BHECE”. 15, EE Tk offer, BERMEFTEESH
FHNEWMMAEL, ¥EAIREREFTOEBIERZTIE, 1]
B FFBEE SRR IR S| T T ERItL 2 I ATIMAE AT . 4
REE—IWNBERE, BEBAT, —PARLTARKRED
it BLA R B A TIRNREKS .

4| BN AR BIER 2 ET

BEERD SRR 2 FARGBIIA A IR B BRE S, I
AR ESRAM X, BILNERTINEEIX—8, MKES
WEINBRAT B,

415

Strata =X (https://conferences.oreilly.com/strata) : Strata £ 2
EARHTRTHRREERZERS, RIFEXRBFZAFANHA
B XEFIESENERFZEINEAE. SWEIREET
BEENFE RO, FHKEM networking JE5],

KDD ( Knowledge Discovery in Data Science) : KDD &R —1
REHERZESN . EHE— MR, EECISEERETE
FIRZ T EFE ., XESWHR R FERAFIERZH
mIBKAEBME T E RIS,
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https://conferences.oreilly.com/strata

Data Science Association (https://www.ideassn.org) : 2016 &£ 9
B, EEXEBMULENT —XEMMNE—BHERZSIERIE,
FEIFET 5 kB TSR, FAR. BUFEBITHEERZAR
HREfRE. ARKSEHEEER F % (Data Application Lab)
MEIER F < (Data Science Association) F /1A BRI 1T
XhAE, 2XEABLZHMENSFESTEEETEN B
Re. ARASHE M 25 U EEEKRBHMER, LinkedIn,
IBM F X B W AZER, BUFHEREIRRIZ R, ME
Bze, =1tE, #REE, SIETHANERER T HER
FEETUVHMNBMEZR, WEXE™, % M=ANEEX
SIE5MRS S, BET BT 800 MEURRIF M EFEBITE,
2017 ZE Southern California Data Science Conference 5%t 10 B
21-22 BRI EE T

5y, ERESEER, REHREEFERAKRS. PEHEE
B RZEHERSE,

4.2 Meetups

BMELIE THERZERMANTIESN, BERRESEE
INBRSREE LS MNEURRF R

AL UBXAFHERZNEERSs, REZENS N TEN
TBEEE—. & BT Meetup.com &+ & i A9 EIER}
FoW, —EHERNBERFSIN, #F 4000 ZHHREIE -
SF #uiRizE, #IER%F DC, RIWEUERFF Bay AreaR i
A,
MREKRARFHENED, B UBCRIE— MRS, I
FIEHE N BT R BISE A Jason 2B AR E R R A 5 Y EE,
TRINGA, B BERRIEA social connector, MR T REERES
BIBRR, MHRER T “EiERZ A4 I B B{ks8"-Data
Application Lab,
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https://www.ideassn.org/
http://www.dataapplab.com/
http://www.dataapplab.com/

5| BHBERA Freelance F1AZET B R4
Juan Vasquez, Data Application Lab 9 BA&, MM EFHH
KA ENEEMEFEECIFNSTE . Juan KGEXREEK
FHFH—RER, BE—NAMEMMTATAEMTA, HA
SHMNBR FMATEX, MIEHRIE BIhEER story-telling
B®H., EMABRZR, RAANECREZHNEERZER,
mBEMRABIERFZESTE, Juan B H story-telling K 25 54K
IR AR, RIREARERE, A EIBETIRAFIIR M
47, AAZEMHEIBEIMAN T ST KR E R A EIECIH
B ETH

- Heidi Carreon oy ﬁ

"The fact that I'm an immigrant means NOTHING
to what | can and cannot do." @JuanSVas
stressing importance of embracing one's story

over people.

are not unigque to gover

FIW Aex Pudiin = [

Big up to @Juan s Great chat on battling
through bureaucracy to reach your data goals at
SoCaI Data Science Conference #dat: nce
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ERMBIERZEAS E, uan BMNo=MTL T, ez A
PIERIFIR S TR GRINE,

VASQUEZ SAYS

Keeping Your .
Data Projects Moving

HUMANIZE DATA

ZENTERASNERRT, B2RESE, ERENELRER
B R CREsE) SBEAMEEEER, BHEHRAZ & AH
W, WHRERE T, BATBERIERTEEXERANEYR
B, B luan N B, RBRATEREAZ—HEEMNERE THEE
RENTEARRS, HAXEBEEF, REASNEMNAR
B, B, |7 B, BEFM], HHEERSMIATE
R,

XEEPKER LE F R R 8] Juan Vasquez IS THER B RERE ., 7E1E
EHFEMAEEIRFEE, Juan £, BN BN T HEER
e —KESE, KAUEKR—EF R Google sheet KiT kA&
THFERER, DEmMHRTBER, BXHENEERERELD
HHE EERENXEHN I HERER, HBAERRTFERZR
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http://www.vasquezsays.com/socal_datascience
http://www.vasquezsays.com/socal_datascience

GIHFII AR, BIER SR AT A LT/ VNS TR A,
LR B AR EAREN N B NIEREERANER, KX
R’ T RIBBAIE,
M—1BEHRWEREY B B hHR &GRS A EIER ZeIH
T, Juan HEDEFRBNEXNMFEAROTTE, RER
%, BN, THEEALINEE—HRRREUERZEHN
B,
WMREITEIR O BEGE, WNBIWHRERR, FEHEL
BT AEMBALTEMEREICXKEFMEE—E (b Github) |
B RAY Portfolio, @ RABHRIRAYEIBHELE .
6 | S5 R REMABEIET B
R ERFEBNMEA—EFET AN EEIREES . f)
KEE N REWEES., XBIEERESIAE
TE, EOUEBAEALESE

AEHRRIAZ AR A&
R#XE7E FEETHSEIER.

FE AL CTO BRBEEXN TR B sk, EERIEB
HIZEB &R, REZHAM—MARSRBE—TREARR T
£, FESBEROABRRCEEFWHNERA., FRIRTIUE
DR RRBERIERARL
MREAFHEEDTMLEIE, UTE2IAFIE 7 &5 UX R
EE 19 MR BFMRAHERS.
United States Census Data:
MRS WEARNE, FEFREMNEKRE, EEAQE
&7 (United States Census) MYEIERE— DO DULEE RN E
EHEE.
EEACNLEMIAH 7T ERER, HHEEZMBEREEEERN
AAGEHEE. SEESTEIEMIEBEEETRLEIEEEMNRE
36


https://github.com/
http://www.nltk.org/
http://www.kdnuggets.com/2015/06/top-20-python-machine-learning-open-source-projects.html
https://cran.r-project.org/
https://www2.census.gov/

B, TEEBSAEACNLTEMYL EThE. 53 &S API
R EE. fEA1Z API FS—F 7 {ER 73752 @1d chlorplethr, &
Bk, XEHEEFTTHMEME.

FBI Crime Data:

EZ 7 EEFBIEXNER, RE—TEEBKBAEEZF/HVILTE
HIEEEAEEXBRE®?

FBI LIS EIR T 1995 FF 5 2016 FFAVEHE, NRIRE BT
[EMEIR AT, TTIMERG 20 FIX EERFEIBERNEK, =K
&, RG] INEIESGE FIRREIE.

Centers for Disease Control and Prevention (CDC ) :

INRIRX A 3£ B A M ELFUBBIRDITRENE, HRES
iy (CDC) ZR—MRAIERIEZE.

£ CDC Wonder #iEEE, 76 7 BRIETRERNEIRE,
AIDS 3L # iR B EHE, =RSRMBEAREIE SUSEM
WEES, BURDBRERE [ FiR, Mk FhE.

Medicare Hospital Quality:

X R EFTREFIETHNBIRRS F(» (Centers for Medicare &
Medicaid Services) #RIEMETTEIES, o DUARILEEEES
4000 frri@id BT R TME BRI IR IR R E .

Bureau of Labor Statistics:

FEFOEZE], mEKR, FEW.

EXE It RMG Lo RS EENF S EELFIENR (1
SWAMBEEK) . REBEERT DUIRR EAMHIEDER,

The Bureau of Economic

Analysis:
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https://ucr.fbi.gov/crime-in-the-u.s
https://wonder.cdc.gov/
https://data.medicare.gov/data/hospital-compare
https://www.bls.gov/data/
https://www.bea.gov/national/index.htm

XE®SE (US Department of Commerce) TEMZF DT/
hHERMM X A5 IR 0 GDP ALK,

IMF Economic Data:

A ERADARE, MRBABEEEREFTEIE, LLICER,
FE. GDP, WmXZEIEF, TNAE IMF Wufh 3.

Dow Jones Weekly

Returns:

TN SBR[ ZINTENA, WERATH
RABH LT AR R — D EEEIMERSCI R (UCI,
TRER) - RENEBIESR, X TERYEENSEKE.
Boston Housing Data:

http://www kellogg.northwestern.edu/faculty/weber/emp/_sessio
n_3/boston.ht

Data Application Lab b N EHE, 81 GISFHF A, EHTFih
BESHUEME SR, SEE8RERM, LRI, HE
NEE NESENHTIUNRES.

Enron Emails: https://www.cs.cmu.edu/~./enron/

Enron giRfE, K76 7 K2 50 75 £ #R 14 XA TT 40 4R #9 B8, F B
RS, SIERIAESERN, AXERBRDITRME T R
RN B . ERBILHREIRIVREL.

Google N-Grams

MREXEIEREHBIRRENXE, Google n-gram HIEFZAE KR
EXARBZ EREMTEREMEENMNE., FRHNXHE
22TB,

Lending Club:

Lending Club 2 & KT A P2P (PAXPAN) ERAE], ZH
BRELNERAIRRAX TR SHNEE. SIEEAS
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http://data.imf.org/
http://archive.ics.uci.edu/ml/datasets/Dow+Jones+Index
https://www.lendingclub.com/info/download-data.action
https://www.lendingclub.com/info/download-data.action

BREATTERAN (BEERFEN) MUEEE (MFERK

Tz .

Data Application Lab 2 i& 3 #1855F I AR BB R AL Lending
Club R £7I B B9ME, MBERMI B RATRE, &It

THREREEMBNET R, ESTNRRME#ANTEEE,
N> B= 8o il B (& IFESR, Mtk L &ENR

ROME. BMEStEEN~RERIE, XN~m5B~

BIELINRXEIRE.

Walmart

ERGFTETWIR/RIGHE Kaggle th3R FthkH 7B 45 RITE
M 98 N EEBENHEETIE. X=R—MRITHEEFS o ArEdE,
HEEREBPNETHERZ W, BRXBHIPRITUN—HKRRE.
Airbnb

Airbnb 2 R P SIEEIRIEA R BN —E2, KGR e
1.

Yelp

Yelp X 7 — 1M FAEIRE, HPEE7T 30 FrRFEcRE N
MRFZEFENFAREIE, RMNEFEEESFOMN CFC !
http://data.foundationcenter.org.cn/foundation.html

B2 UOMBERN B RMBESSHKERE, T20105F7
A8BIERMY. &P UMHFEREEYESSTIER
WEFE, BRETVARMENERNDEERRS, R#TILEE
MBI ENERE, BFERM. ERN AR, EIX
MNAFEE, E€SsPOMEERIMEZMBESSNHZTAHR
BT RENEEXR BREEZRESS. BHESS.
BETHN. TiEes. EREHESS. EEFE BMWE

39



https://www.kaggle.com/c/walmart-recruiting-store-sales-forecasting/data
https://www.kaggle.com/c/walmart-recruiting-store-sales-forecasting/data
https://www.airdna.co/
https://www.yelp.com/dataset_challenge
http://data.foundationcenter.org.cn/foundation.html

=, REUF, BEFRESR. BREEx. FHESR.
XEESRPO. BEEST0EEF RNt SERMI—
EMBRFELT REFXR, BEBMHAF. BERFE. B
BRAKRF, BERFE. ERKRFE. ERMERZFE. HNIKRFE

Voraylaray
==t
< = o

BE&SFIOMERFER, EEEARAENRESWHNER
WEFE, CESESHENNATELRET —EER, #LE
TESSEREREFEIRISEFTI, GOt TEEST
BANERELAR  BYRITFHNAH{XREER

Data Application Lab F 2017 F£2{HEMEELSH/OM, IBM 1k
APREMWVESE. DALEFEN BFEHRAR, KEFE-FHE
ERZR . Uoin S EIFTEE x FARL. TE. IERKFET
Fhrtts . ERBRARFITRZER. RMNKFZREFZRSFMHS
NGO MeRLREN 77T FE LR BEESHIBHREN.
REFEI 2017 FHREZZERRIVESNAZE, SHENATIERZE
AR, BHEFENEMSESSXE, XA A8F IS
BEXF, HHAPEARSEVRRAR BULRESALRIR
SR, K[ERAFTHARGZENY, KW AmE
EEMRF, BUMASAARNAmEVHEE.

7| SMBERES
MRARCERBIE N ZSEEARENIE R, FEENE
BEHEEAEFENER T BEABRER, 1BERIIAEIE
REFE,

% Kaggle, Datakind # Datadriven :X# I EIERI ¥ =%E 51k
R B IER IEMM ISR, BIdFEAENEIER SR
BB, WUMRRENTERSN, FUEHERRNERE™,
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3%{/] Data Application Lab 982 S iz —, Chris §If, #S
Data Application Lab fJ[E5#EU1S Kagge tb3% “1 &h# 4 $RAZ 9 48
R B R SR

8 | MR ALLAmMEE, #E 8% (Informational Interviews)
aaifid, ELRIABRMEZE AREET TIENREIS.
RNIZEREZETENTIRTIREZ ANTER, X7 RMMNE
@, REIMEBITHER, R BEARSEEERZRER
T, A—EB/NEIR, T EETRNETEHIREHRD
NI HNEERZR/ NI,
RLIIRE) — MR EEFMNMER T L, FFeE A th{]mE Iih A9 0]
TREFTA AR BE

XTSRRI A DL E IR o] A EL L BX Information Interview, FAI1FT
WEEEER, M NEAIZTIRNETERFZR T KRB
R, RENE RAGRHBENZRITESRETHRERH
MWIES, BEELRREETERNIENS. ARFEXFEEH
FREOEE, REBEAEY RIRMEERZN SN, hiEE L
T RBEREET LR AEE,

9| HIFEZE DR

1R#E Learn by doing fY35 27751, BURRZE DHALAIRIEM T —
MiEFSs, REELRANRRS T HENETE, F3
B RE, BRLURRIA,

XFEIRZ R D AR — M= Data Application Lab 7& 2017
F8RAETHHERARIIERTR., BEYSHASEREELEN
BRTR, REEEMKIRERHEAmML . FZREEHHEF
hackathons FZENIFIE AN A, —LE/A T E E#E) hackathon &, #F
BHE M T — M EuERZERK |
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Data Application Lab
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WEIFTIE— R AR & D

AEHEREH

Shuju Wang
Tel: 8181881818; Email: Jason.Geng@gmail.com (your English name and address)
EDUCATION BACKGROUND
The University of Texas at Dallas
May 2016
MSS.. Inf IR G Y
Nanjing University of Posts and Telecommunications
Jun 2014
B.S., Tek ication Engineering

BUSINESS EXPERIENCE

XXX, Inc.

Jun 2015 - Sep 2015

Busmess analyst (you can adjust title, sequence of bullet points is also nnportdnl)
Generated daily and monthly sales summary report, produced payrolls, in order to
develop quotation system and improve unloading efficiency (no result)
Increased seasonal sales by 30% which covering over 150 different products and
reached $850K/month (no method)
Priced company’ s new prnducts for North American market based on production costs,
taxes, competitor’ s prices, etc.
Created a spreadsheet to rate the importance of different requirements, in order to
incr;aase number of customers (should know what and how to highlight the importance
part,

XXX, Inc

Feb 2015 - May 2015

Industry operation analyst
Developed drawing confldem.lal system via analyzing usage frequency data which led
to shorten the quoting and enquiry cycle
Enhanced employee accountability through expending data collection range and method
(should highlight your related skills and result
Optimized inventory space by getting rid of overstock and making profit from over
80% of excess inventory (express result in a simple and direct way
Developed and improved cost analysis system for contractor project and customized
project through renewing classification methods

XXX, Co.,Ltd.

Nov 2014 - Jan 2015

International market analyst
Engaged in the company’ s Russian Market Devel t Project, fully opened
the gateway of exporting Chlnese trucks into Russian Market. Russian Market becomes
the company’ s largest overseas’ market since then
Proc:ssl?g orders for exporting automobile accessories to the company’ s subsidiary
in the

(if you don’ t have enough technical skills in this experience, why not mention sth else?

Should also mention you people and management skills)

ACADEMIC PROJECT (you are a professional, do not mention too much about university)
Derivative Modeling and Risk Analysis (you are always the leader)
Jan 2016 - May 2016
Classified income statement and balance sheet based on month from annual reports
Used MATLAB for pricing the compound options by using Monte-Carlo Simulation
Performed Monte—Carlo Simulation to improve accuracy of the result
Analyzed data and computed financial ratios, profitability and risk ratios by Excel
(describe your project title and experience in a way the employer will understand)

Database Analysis Feb 2015- Apr 2015
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(Bl

Shuju “Data” Wang
2901 S King Dr. Apt. 1918, San Jose, CA 94401| Cell: (818) 188-1818 | Jason.Geng@gmail.com
EDUCATION
The University of Texas at Dallas, Dallas, TX August 2014 — May 2016
M: GPA:

.S., gy

Candidate of PMI Certified A iate in Project M (CAPM)

Relevant Courses: Exploratory Analysis, Prescriptive Analytics, D: Foundation, isti ing and
Inference, Prediction and Machine Learning

Beijing L y of Posts and Beijing, China September 2010 — June 2014
B.S., Tel gineering, GPA: 3.6
C ics, Linear Algebra, C++, Probability, Data D Image P

SKILLS
Software: MatLab, Python, Tableau, R Programming, MySQL, MS Office: Excel, Project, Visio and Access
Language: Mandarin

WORK EXPERIENCE
XXX, Inc., Dallas, TX

Buslncss Analyst June 2015 — September 2015
various requi current and future state, and performed GAP analysis to develop
ion system, i ing sales by 30% with $850K/month
. Built analysis model to improve inbound arrangement and scheduling for 150 different products, increasing
unloading efficiency by 40%

. Priced company’s new product for North American market, increasing the product’s profit by 27%
. Increased number of customers by 5% via creating a spreadsheet to rate the importance of different requirements

XXX, Inc., Dallas, TX

Industry Operation Analyst February 2015 — May 2015
. Analyzed usage frequency data to develop drawing ial system, ing ion & enquiry cycle and
increasing Product Qualification Ratio by 20%
. ged data ion range to fective rate by 27%
. Optimized warehouse utilization and maintained low inventory holdmg cost, savmg total cost by 13%
«+ D ped and improved cost analysis system for contractor project and customized project through renewing

g project probability by 30%

XXX Co., Ltd., Beijing, China

International Market Analyst November 2014 — January
2015
- p the of ining quil by 10% via creating product design, planning and
control matrices
. Built a cost baseline and calculated out task cost via Three-point estimation for fi ing &
. Figured out critical path via PERT table & MS project, facilitating projsct progress and saving resource eos( by 8%
. Performed & lysis for process impi i | risks, and

performance using visual tools

PROJECT EXPERIENCE
Derivative Modeling and Risk Analysis Project
Team Leader January 2016 -May 2016
+  Conducted a quantitative structuring ysis to options for various clients
. Programmed MATLAB code for pricing the compound options by using Monte-Carlo Simulation, CRR-binomial
lattice and implicit finite difference method

. Performed Monte-Carlo Simulation by using vari ducti techniques, such as control variates,
conditional Monte-Carlo and Anmhenc variates, and trinomial tree to improve accuracy of the result
. Performed a risk-ret: by ing the mean of profit, return to investment, and excess return;
sharpe ratio, and 95% value atrisk
Database Analysis Project
Team Leader February 2015 — April 2015

. Conducted WBS to define the project scope and specification. Monitored the whole process to ensure the project
advance on time each month by writing status reports, milestones and Gantt charts

. Wrote queries and tested for errors by usmg SQL Server, i result

. Draw entity i ip diag and schema vis Access gemng a complete logical relation
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MRFRETBNEN RN AEEREZAE R, BAREX—
KPHLERERFTEHE—F. ERINRBECHRSE, FEHHN
CEITW AR AR, 7 BeRIESKERAY IS F1 AL TN
EHEEERZE, FARANACENAENHEEEAREIERE
AEIRHAZE, b RAEIETFEIE (Data Engineer) T ARSH
R % v 55 & 7= business presentation 288, {Bh{1#HAFH &E
FSHRBRANREERK. HR, BUEDHE (Data Analyst)
B E SR TR0 SOL HisE, MASEIGIEBBERAFA
8, EEFMMIFTEEERENREATIEEREN. TFRER
TITURMERMARRANEERE, AR UXNEE 255K,
FIEFRIESECHIR A RIER.

LA BF/oivbm | BdRE Bk wRyITE REAR /R
Position R Database | Algorithms | Software % 172 Big
Title Math/Statistics | Querying | (eg Engineerin | Data/System
(20 P-value | (SQL) Supervised | g s
437, AB learning, (Python, | Engineering
testing Entity Java, (Spark,
Resolution) | Object HBase,

Oriented) Hadoop)

F[;roduct * % * X * k * %Kk * Kk
ata

Scientist
FEin R
BEZ

Data | % * % * * kK * kK
Engineering
Bofhs TR
pAl

Data %* % %k * % %* % %k * *
Scientist AJf

BRI

47



FR

Business * % * %k % * * *

Intelligence
Data
Scientist p4
Al REEL
BREE

Business,” | % * % K * * *
Data
Analyst 75
Mz 5>
GIR

- RREIER PR AL 5 L 7 BE B SR AN B A -
UTREARVACHRERNA
FoBENER : EAHUE TR, LIiH i (end-
to-end) TR HRAXNEERZR., FREERZRASEN
B HURS . MITAREL, FNEURME ARE A RS
BREAERELRSN. MNEER IREEIIRIIXLERE,
HETHMOEENZRAM, ~REERNZRNTLERES,
FEAZREEMIENIE,
BRMER : AT, BUEEBAEEMRNRAEEAS.
F/BZR T BAOEACIEMEMEIRE L, NRNETEEREL
W, NTRFELLMNNEE IR FRTHEEDHNERE,
BEMNDATE T BOERXIIREIENTTA.
B EEHERER : HUEREERNZER T TAS I EIE
REZIENE. MEBEITHEA—FNE, MIEES T BET
TEMABMYISSFEIEE . Mh{]8EE L Dashboard 3 E A%
s, UEBENEEE EFaRR.
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BRIEN : UL RINEENFEENSITHEMEE A E
SRR, BERMEMNAAES—MEABKNRIRT, iRt
MAGERT IULIERERIENE X,

BREMNH : — AL AE, BIEEHENERER, R
AEEKRBTHEIMLIRE ., XTMAERESERIZEAMN SQL
0 Excel 8871, MRBHIBEITMILENELE.

B4 RipABMAKAR
BRE. AERNIRDDBEHANIR R AT B RRE RIEAFT
TEE, RATTLZD.

NETWORKING , iLfREY ARk RMEZ N IRNHE T4
TMerEERNTEEEMIKIREREF, BANXAEAMEE—
KEIRERA NNERERE. &xEXERN networking gt H #h
BABMNBEER, @13 networking 33515 A #E(internal referral)
EXERIENEEZ—. BRIONFFHEERE— N RREL
=7, AMEERRERFTENAEE, BAZXERFEEXRS
MExR, BEEtLEHRTEEGMANESE, REREHES
FYSKERVEEE .

REBNLARIRE S MR URA AR5 3T R A E R R

KIRBEXRER, HBEASNRBERNES, HHERE. W
RIRIMVEEIRRIFGIA SR E A E R TR IR B R,
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AT RO E R RBHEES, EZDILRERRIISE
kg — LS |

BANAFER AL 7 Data Application Lab @1 {RESIS 2 49—
LK. EEXUA, AN ARNEEFTESR 85%MYE
THREHARR, MALTBEHEEREN, BERE 10%M
B IREIEIRNS . SEEERTINEIR, Ai—f
WNHEHTTE, BEARMKRIRBINZERERNE— M ER.

MR ABKB B R %
RETENFHEEBZRZR R X TRHEEBFZAEHARAL,
tWAGERNERLZZERENEZRLR, WEAEFRIRNIRER
ABk, SRBEILENSR?

F—, KZEX MABIMEMEZE. BERFRTXR,
FIAEMARERLE, MRELN TR, KINE ERE
EFEHTIENRE, B— N HIEITIEERKXEIAKMBIRE,
REE HHE PR HIRN B —LLBRLAL,

2, TUESMTUEANASEMERERS, hEERS
REFE.

£=, WoIMERFMBENESES (information interview) $#£I5,
BEEREMKE—MRUENISEERL T RAS I EAERENSE
R AMATM LTI, XEXFNERPREEFRN. KE
A, BEEEREEAENA, NMBRERIE MBI EAMNE
BEIERNE, FERRRUEERY, BAMMNSIEEREE
oA RE R, RE—LEY, —BRMATEEER, B
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BRI ES, REEEFAIMIEEMER. A
SFPARNS R BHIT TR, FEBARTBRAINEE RN
— RO gEIB E AY o) @,

F, BS54 TES) (Lbi0 Meetups, BEHE LT [IE 3T
LinkedIn, Angellist #1 FounderDating &) kAWML B A, R
U FRIA R EE, AR E A S ETERF

ES
il

Btk = 5h, R T IUIERZA— coffee chat, ZEWIRITRES, R
A PUTEARE BN SARER BRI EEBRRIM, T
EMAIASIMEM, MRS RET, VI ENFTBT—
MNMFHIEN S FFUE BRR T IXES B A E), BRAYRIEARIIEEA AT
DU A — R KRN, FFRBIRBLTE & BRI RRE
HANE—RER,

ST IRET PUBIT IR AN RELE L A RITREA
BN BXHRE BN AIAR . Ebgn, #RT] BU@idf£4a LinkedIn
N NERENZATNIRR . MRBLABHERNEZEKER
A, RETUEBEMNRNEEZERN . R IBERR(IA
BB R ARNBIR(ITINR

AL X EF BRI B

MAREL TRVNBERZE, #RXRTHAEMLREHRD
REZE, EATVENEIARKIGBEN, EfR3EELDNET
v, M Thank you letter £ follow up email, H—PIRT5EE
R IR EME LR .
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BMNEY T —ELERGHR, MXEHR T MUAKRSERN
YHIBAEAR

1 a— : LinkedIn/FounderDating/Angellist FINF & &K

Hi [name],

I come across your information on XXXXXX. Your profile seems to
be very interesting that we both [common ground] . As a data

enthusiast, I am highly interested in your XXXXXXX. Therefore, |
would love to add you to my professional network on XXXXXX and
have more discussion with you on [Topic] . I am looking forward

to hearing back!

Cheers,

[your name]

Bt EfREY LinkedIn 553, &/H, NAW, SOAMNIE R
=_:{5EmiRK (information interview) &K

Hi [first name],
| was super interested in the problems [Company Name] is facing

in data science. I’ve been aspiring to break into the field, and being a
passionate follower of the [Company-related blogs] , I noticed that

building trust with data/ [Other Issues with data] is an important
part of what drives [Company] .Based on my background in

psychology and statistics, | might be able to help come up with some
creative ideas on [Company’s Issue] .

I’d love to take you out to coffee and get a greater sense of what
problems [Company Name] has. Perhaps I can help! When do

you have some spare time for a quick chat?
Cheers,
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[your name]

Optional info: [Why are you interested in the company], [something
the company has done that you love], [how you can help]...
BE= : FREFNA

[Greeting],

[Talk about last point of contact], [talk about interest in company and
problems faced by a specific role], [ask to be introduced to hiring
manager to help solve those problems]

e.g.

Hi [first name],

It was great seeing you at the potluck! I’ve been looking around, and
I’m interested in the problems Uber is facing, specifically the ones
faced by data scientists on the growth team. Would you mind
introducing me to the hiring manager or somebody on the team so |
could see if I could help?

Cheers,

[your name]

ZEM : mit/5 Follow up

[Greetings],

[Ask your interviewer how they prefer to be addressed during the
interview], [Talk about problems you can help solve], [State that
you’re looking forward to next steps]

e.g.

Hi [ask how your interviewer prefers to be addressed],

It was a pleasure talking with you about Google’s data science
problems. I think I can help with some of the problems you’ve
enumerated, and | look forward to the next steps in the process!

F=F  ARNABREKRER
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RENTRSE—MEGENUR, XRTHAR— MR IIEH
ERE . IRMNEEXET IMEEEN—/R | HRAENE,
YuFER, BENTEEFAEERETEM.
B—E%A FARANIVAEERANXG, EEF—=,
MEMNNERILB CITE.

BNMBBAR, FETRBEEHT TR, AMNHER
LinkedIn 2B MR EE. B &RER Linkedin &3] XL
RENLFER, BB REEELREGHIZ.
ARARLB RIEIRAY LinkedIn SRR —D T W Fe s EAYER W
RBE, BARESEEAELHEELET.
BRREZBTERIBPEESBEREREL, ARMEHAFIIL
FREFEANSNERRRE. BEARR S EHRAERA,
TAFREBRREH, M—MRER LinkedIn B gt 25 F B
KB EEHEKRIR, SBIRTRUENARIEN=.

X F Linkedin WEEZEN

1) MEZE, FURAE,

fEHA—H, LinkedIn @— M EST LR R TR ZH
M5, FEREEE ZEAXHNT NS RN T EEmEW K,
AEZEIRELBEEIRZR], #HLELRA LinkedIn, FEZ|
BEEVENADER.

2) WRIRA TEBRLBFRAIT I ArAE. BEEXBIEE—H . It
M, HREEEHEREZRH BRI, SttECehEE
SREGERALZFR, “BIBRmRBTE", “BRSEYSFE IS
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R, HAR, XERBOTIBESEEDNECRE, (R DUNE
FE,

3) MB—AERGE, AIMRENMEATER, SFEBNZE,
HFREMNAERE Linkedin FEM S I, thegit RN EE
EMHLEEBEARE. BEZE, SIHEHFEEANE AR
XHMEE., tBRINECHER—TZNEENAMILE,
W SEINIREKRIRE S, REMRBEBMHE .

tban, T PUBE R —EEEENAR, B HRIHZ U A
MERRE. REKRERSEBCSMBERNFEASERR
%. SDMBEZEDSRNRNZLR. 5E B S AERBHRZI#E
EMEEINZHR, BERAHENER.

BRREZRKMEER THEIBRFHAHRERE, TEMINESRE
FRSE, AaREFRERFNTIVARA. ERRBEME
REEIFHAAEXNITENS, FFRRERD LinkedIn _E{&
MK, RFERBORIRITHRINATR, EBPHREEIR
BEMIRAL, tbal, MREAERVBHIRA, |, HERIE
“BIRMNFHEE. MRENTIVHEIERERHNRTIIHE,
PRTHAZRRH, HEWMBEER, FIBKSEN,
4) WRIRAEREERIFETARAMA, F¥E5ZLRATI<E
FHF R AEFTINERNBIEXFF . RN ST I
BRZT RS, BEEALGHE T A BRI RAE DA
LinkedIn £, #Rt1e] AR ASERTA, % Yelp #1 AirBnB
XHEMATRESERE LRAMIIEXNEIEIE .. mRER
E—MRETAR O REFLIRREAET RN IR, BANE
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E ! g0 RIRINABRLIFFE Python #1 R 88, IHHRIRAYTE AN
LinkedIn $x18 7 iX¥E5i 88, HEIBRPALERENEME, b
g0 Python (Numpy, Pandas, matplotlib, scikitlearn, sklearn) |
R (ggplot2, shiny, tidyr) #3]EZ%, sEERRPREZLM.
5) % LinkedIn 77, Endorsement ThEEth #FiX A HE A 1E T TRk
ER, —EZERRENNEESREZEHFHRAERIATR
fUFZRE, IR,

K L N IELFIBIEE S EEE Linkedin , BEEANRFIYTE
MM EEREED, RERNE—LT. BHRECETEY
FA#0 LinkedIn (9483, JERIEETEIR, EHE 7 EFHXET,
MURIERE HshE, £aRAE RO TERRMZm I,

FHL  WHEMKRESE

STE TR online image 2 5, ETENTFEZAERNE, EF
Z LB resume F1KER(S cover letter I E1ET .
AEITFEFARR, FE—RINHNSANFRZ L XFFEART
ETT M Hft—1) ; EEfT W TER, N ERTRERSE, I
FHRNREZIMRERN TR FRm,
MELFFRZEEE. WiFRETILAEZE—NAALERFEAE
HEH, EXHASHWAE—F—FE. BNHE L THH
BFE, BEZBAT, BEARIAR—HAMmMISEH, £KFKRHA,

B EEE—HERE FRa 30 Fb,
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_—

XTEANEEEN

1) REFEHE, REEFE—R. HiE BEEEZEAER
FEZ R, BRI EENREE R DRI NBHNER.

2) HRMRREBREXATEES (TNE) . BEAZNEA
SRS AER—TMRZE, BEELREGERATRLEGE.

3) RIEFBNIETIHRRXKN. ERIELHBEFT &
R=41E (=4 bullet point) #ERIRNEH KRG REZRE
EMFRREHNAR SREIEN T HEEREXEK. AELHEE
K, MAARRBEE, NoUEFRBELHIMTEMELH.
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4) BEIEEL, IERRABRR | FTEIZ BRI M.,
FSERBRIENERMEMBEEH R, b, REZEWRLH
“BIRT — xx HHE, BB xx ST xxx%HFUNEFRE", W
AR EEMBRR“CIET xx7,

BRTY BHZ5h, KBRS (Cover letter) th/E T4 MAYKERLER
HE, 82 BYRER(MBEAZRNZR, HKNLH
NS BRIE &R FEE cover letter 7, H4K, NRA R
= E Cover letter, RREARE—. ERBNEEMAERNE
A REY LinkedIn

MRFEEREE, REOTUS2REZE—NETENTIARE,
It FHRRGTBEE . XA — ML — A8
EAEAEERE, AEXNMBEEREBERAGE, B
EEAMEALSEMANEE, TAERSEEMYIS. A
13 1% Data Science BEHEF#i B KINEH, F—K Amazon I 5
DEEREZRmMXZERENEARHET, mEIEER R —
ME, RAER) 7 H SAR offer, FrARFRFEE, 1~
ZESJINEE, SHRAE=F5RIEBRECSTIMNANERN
HERR,

255 HRER
FIRFE D BIBR S TR MR — ) TIERAHEER.
M FEREATA EEIRE LS

[EIREPUEES=SARC



BENFERALL T BEIKA RN, TARES —KHEHRA
EEGRAE—E. EBEXAZEIEANS, BRERELETR
RNWHES, BEREFFHE-THRRE.

RIBIR IR MAEENAY, SENZEHESERANE
[, REALEFEH, ILEEDJL M RAkK. HttAx
EZMNBERFXMUEN, HIZMRIFERE NORBAE
7, REBERILREARE R EIL.
—RFRREXEENTIR -

-

CtanE: . Step6:
onon o gl FOH R
BRI ®

1- B8 iE I i

XBERANTRAIINARTN, FIEATEHFRT SR
ZIERES A, B ES HIERNBREBRFEELEHE
MRIEAN, BEXRZHEER XPBIEHERERLXAENH
A, FHREEANRS BBAIEEE
FEIXCRBERWF, REFRT LR A I rY 2 AR5
BIRRBEREN, Fe—LFRE, TURAEN L FERHEE
ERNBERZERHEZ, EEIFEREMR.

2-TAKE-HOME ASSIGNMENT

BIEHIfEE, ASEEMEEALEESTFHN/NN, BER—KR
MERBERTMR. XEFHEZNFFNEEANGFITE BE]
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IAHEBRFBLE T 8% B E B B AR BESEREEE, —
ENBEERBETIX—m, {E2ABLEH Take-home assignment
(Analytical Test) FASIFFIEEEI—NNK, KHAMA]
BEEZIB AR (E] .

— MR BF E AN SRR A E R IEERITRAD .
LR RITRIFE, XthE XIS, LRI NTBESXT
FEXRETRTIENRIBEE, EXE, RuUESERETR
FEXRIMB, F WU storytelling IHEZER . A—MHIFREE
KIBEFURET IR ITRENER, RE—IEFEIRSL
SHEXNEMAER, FIARIBIRS KA EEE N RIFAEIER

NHEFRS.
REBLBEBLMIXARIEANT ESHBLIEH TR ALK,
RIRIBE TR, REBTERIK,

BWAF R EMXLEN, FRXBEESRTEERHN
Fram@ R, KRR TUERAMAREN—TTXET BIRE
BWHAERE, UERBEXRADWAFRIRNAE. FHRIRER
RIREH R FEIROOBS[EIFATTER . X o] AH BIR ARSI R R
TEH S EAMREA N AR Z L,

-ERBEABITHE

BB A—PEIEEI, BLETERFE. RITHREED
A, XGHBBEEIRAANR TN XTESEATBIFE
AT EIXZ AINRETE, BEBEED A=DED. B
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i, XRA—DKIENEERTEMRN ) ASP—EEARE=
MRGHBEIRTRTM, BRA=1T7H.

HF/GTHEIABIE
XANBIETEENROHEMGFITSH TS, XBEREM
EEEBRTEHEEERBEHNARCHAS ., EEMNRSREHE
TRIFEX AIBIRWH T &, RX PEWEITTERERNE S
HREXHEN. ERAS TS EINENNE AL TR IR
M. TRIREAMTAXRBENEIXESOR, REFRAE L
R B B RE,

WMRFWE K AIBIRL, BIFEMAHER A/BRRIENEE, BT
HIRSERRNELE, STRATMER . —TTARRRIRAE
FHNGITFER TR, FNGEERVSHEAAET, UE
MG ERN AT HE T AESFHHEX.

mIEEI BAE
XEHEindERA YA, hEFRFOLEMBARIFK. IR
BRITHIETERNEE N, B 2R AREHRFERZERIDEK
R RIDHER . MRIREFERFEIEDITIFERA, RoJgES
KRNI A SQL e EE, MRPBFEFIERZR. HIEIREID
ZHANL, ROJBES WD) K Java, Python #H5HI REMMAIES
fEE, UREF—MRAEEHIREIAGEENREES.
REYE IR E o] 8815 A HackerRank 5 Collabedit < T Bk 14
RELMRAPIRTS ., EXFMERT, ROBELIEEIRE -
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BN, 4R white board coding MARR S BAIEES] . R
o] IR R X T Bl !

BRI EBRZEFHFNHEEERFESHENETR N
Cracking the Coding Interview Z| InterviewCake, 15%F3f# HixXLE
298

BEEIXTEREZIRE AT EIESEMAE®, B hashmaps
MG, tree WRILEM, HARFAG, FHAESXIER, K
R TREmINf e RDEIR—4, BERELEIT, REHF
NRIES S . AR TR LN, FREHIEHTHERE =
EESFWAELABRENRE, R—EIRFEE.

MBEZLETRIR

BE, MENBEZIEEREIR. X—RPBEEEHEIRE8E
MREFEE, URESEEEHNEE. XUEMNEARIEE
RAoAHNEMEBE, IFEITUREEME=1"rN&RE—
B, AXANBIEFR, BELEKETREZ X TRAMEE, R
B TERRIR M, REVEBAE1ERE 1 AR ARV RIRER R A 7K,
REHFBEZIBLEHE - EEMANEERE, RN
WAERERIT, RELHE U se B IR R IS E R .

RZ AN ER ARSI LR IRARE AR P XA S T FERHE
AizER . RNBELEREA S E#BINEM]EESHK
BTN T EEL, BRI BECEMATERLS,
EFERAE BN, FEEMEENKIE REERZZHHEANT
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—R. A—TE, ABMHEIENBERERZN—TTE, EA
TS BEREVIEE HEEIXRENE, i@l
“Airplane” i, BRMRLEZE, FTELXENLMNISEERE
NN SRE—E, BRIREREROERZEILRNEE
gU—EX,

4-I 37 HEiX ONSITE INTERVIEW

Ra, MRRELBIFHNER, RESMRNEIENL
SIENE . AT MEARMIER A B RS RETIRE. AbIE
EFHRHERZEESHAE, MI1ETEBTIEAREZN
HIREEAR LS.

5-# /RE i TECHNICAL CHALLENGE

WRAGEIRFREHFEEARBD, BRIFEE AT A
— MR BER AR B ERBE, BRI XS T ie) T 8E T2 R £
B, RORSRIXERGTEmREREBAM, REHERE
ABtk, HETIEIKARER AR LB,

X B TEMEXNEMAMIR, MFEEZRM/K O RTE
MBS EIREEE RNEFEME I EIREN AL ZER T UL E
RILEAT .

6-MEEEHER
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MRIRBEITIRIEZLIEN R EEZ, %%ﬁ% —NEREEA
RFpTREEIR. ERIVATF, XFFEHRBEEIEAS CEO
K5,

MR L4, HE | FEINAXZEMEAN, X2—1M2A
SRR TFLR I offer TR, BEBAT, RAEBIRAT
RAEIEA S GEENAXE, FrIABIER B BRI R @i Xt
VEARSHNTHRNEREAGNEERBRESXNAITNEWI,
AX—mE, RARERTEMIIFES, RTENEEEH
WIAR AR,

THRER

FrEmmEiF, #<=EIETTHia@ (Behavioral Questions), i1
REmtE—&F. BREITENRRNEEE, EERES
fFEraxit.

HFTHERNES SEMbESERREENRE—TEES
FRHIEE ., REWAEE M 0 2 YRS XA TR, MUt
FTRBMTERRNRTRIEMOES, SRMNRAERET
BE AT ARMEARRRENFFEAT . AETF—MERM
HEXRSFEIRERG 20T ML RN EBRESREEL
R Lk

[EREREE
Ql: FIFFI XA — M EBEERFIE 7
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ZERE | THRIFMNEEZR PREHARMTRORE. €
MIXIRBE B IR IRA TIER S ENRE SN, URRESTURE
EXURETE A RY/A B = 0T
CIE=J58i 0k o
o FIERRRT M IENIE
B2, MEMRAZIMBREMET 2T, HEETRE
N, EZEAETEEN. G, mRERE TR
REXABREETHE T XBEE, BABNIZEEX
L F BRI A S A BIRET mTHAR.
o MW EBIRARIFEANBENRETEIMER
EIX B RMESEIRE T IR B B AR e B
5078
o ZRHL
XE—PNEEERMEE, FIAFRELAR 2-3 1T
RNV T A A TR B .

2
v 7

ZERE  MELHXNAEREERE, FRHELEMIT—R

C

s THME
ERANTRKRARBRE XARBER.
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o DITABREIE
R T T REe. AN, BEMXERIN S B iR
FRER.
e HRHK
BERIAAT AREREXNRNMATAES
ERT SN ERASR - REEIXMEIEKE
BRT7fTAERZS, BERFERNTRALE —EHNEK.
EARERRE, RERILBRNE AR NAEIEAE AT
BRI,
A EIRAY Technical Questions 9 A 75 Ak

s |RESH
it

RE BB E

KBt

- BESGHT

G RIER R KBNS AR P TR REDENENE

MR R BRI A THE N THTRE, X2~
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ERFRTFEZENEARTE. ROASXNHMRRIgGITHE
KRB REWN TR, XESELNAA T EIAIRS @ 4
SEMHME, FMHME HEE, BEXE, Z8MET, p-
value, t-test, A/B test XX R .

i Bl -

Q1: During the lunchtime suppose you are sitting by the street, you
find that there is 64% chance observing at least one Tesla in an hour.
What is the probability that you observe at least one Tesla in half an
hour?

7 5. Probability Theory

f# . The chance of no Tesla passing by in an hour is 1-0.64 = 36%.

An hour can be viewed as two consecutive 30-min time period.
Therefore, the chance of no Tesla passing by in one 30-min time
period is squareroot(36%) = 0.6. So the probability that you observe
at least one Tesla in half an hour is 1-60%=40%.

Q2: You are testing for a rare disease, with 1% of the population is
infected. You have highly sensitive and specific test: 99% of sick
patients test positive, and 99% of healthy patients test negative.
Given that a patient tests positive, what is the probability that the
patient is actually sick?

P(B| A)P(A)

P(A|B) = By,

Z& 3. . Statistical inference; Bayes” Theorem(
. . P(AlB) = XAME)
Marginal Probability( FE} )
& . P(sick) = 1%
P(+|sick) =99% => P(+|not sick) = 1-P(+|sick) = 1%
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According to marginal probability, P(+) = P(+|sick) * P(sick) +
P(+|not sick) * P(not sick)

=1% *99% + 1% * 99% = 0.0198
According to Bayes’ Theorem, P(sick | +) = P(+[sick) * P(sick) / P(+)
=99% * 1% /1.98% = 0.5

- BiREAE

AXKEROEF, TEXFZR TN THEENEE, gD
JMMAEHNOS, IRERNEEFREFEANGERS. X—
KEMEIA, TEXERT SQLMAE, EHUM%ERH GROUP
BY, sub-queries, INNER JOIN vs JOIN, WHERE vs HAVING...

T i )&

Q1: Create three tables: a) accounts, which contains accountid; b)
dates, which contains dateid; c) facts, which contains three columns -
dates, accountid and revenue. The facts table records the expense of
an account every day if there is expense. If there is no expense then
there won't be a record in the facts table. Given this scenario, write a
SQL query that generates a list of all accounts on every day in the
last 30 days that had no expense.

2 & SQL(CREATE TABLE, JOIN, subquery...)
&
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CREATE TABLE dswhitepaper.accounts(accountid BIGINT);
CREATE TABLE dswhitepaper.dates (dateid DATE);
11CRLAIE TABLE dswhitepaper.facts(

accountid BIGINT,
dateid DATE,
revenue NUMERIC);

LCoOo~NOUnhwN R

10 » SELECT d.dateid, a.accountid

11 FROM accounts a

12 CROSS JOIN dates d

13 LEFT OUTER JOIN

14 SELECT DISTINCT f.accountid, d.dateid AS dateid

15 FROM facts ¥ CROSS JOIN dates d

16 WHERE (d.dateid - f.dateid) <=

17 AND (d.dateid - f.dateid) »>= ©) active

18 ON a.accountid = active.accountid AND d.dateid = active.dateid
19 WHERE active.dateid is NULL;

Q2: What’s the difference between HAVING and WHERE?
%= 0 SQL#ER

% . The difference between the two is in the relationship to the
GROUP BY clause. WHERE comes before GROUP BY; SQL
evaluates the WHERE clause before it groups records. HAVING

comes after GROUP BY; SQL evaluates HAVING after it groups
records.

- KRt
SN HERNZASEHS AR AT F a5 F A/B testing 9
SRR IT R, X2 R A A/B testing ZEIR A A 5] AR R
W ETEEEXERENMMN. E2—ROEVAFTE
XAEAMIERLE ., FrAAStHESER—EERMAS TR
FOSCRERITRIRR, RBFRKIRBEENREHRRRERFFRIR
HiESHNER.
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B —ELEERDITHNGITMStHEWEERE, BEUNESR
357 pvalue, power, ttest, ANOVA test 55,

M i & -

Q1: What is the definition of power? What are some factors that
affect the power of the test? How does the power of the test relate to
P value in a certain test?

o it (power, p-value...)

% . The power of a statistical test is the capability to detect that an

effect actual exists. In this context, it is the capability of detecting
that the metrics of treatment is different from control, when it is truly
the case. Probabilistically, the power of test is: Pr(reject null
hypothesis | null hypothesis is false). It can also be expressed as 1-f,
where 3 is Pr(fail to reject null hypothesis | null hypothesis
is false ). B is also usually termed as Type II error.
Qualitatively speaking, here is the list of factors that could affect the
Power:
e Sample size (n). Other things being equal, the greater the
sample size, the greater the power of the test.
e Significance level (o). The higher the significance level, the
higher the power of the test.
a is also known as Type | error.
e Variability or Standard Error
p-value is related to a.. Once the a is set, a statistic e.g. t-statistics is
computed. Each statistics has an associated probability value called
p-value, or the likelihood of an observed statistic occurring due to
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chance, given the sampling distribution. In other words, p-value
measures how extreme the data are.

For example, with a very small p-value (<< 0.0001) we say there are
0.01% chance we observe this data is due by chance. Therefore we
believe the data is indeed very extreme. By comparing p-value with
Type I error we can decide if we are going to reject the null
hypothesis.

If we set a larger a, we in fact allows a larger p-value to be
considered significant, therefore increase the power of the test.

Q2: We want to add a new feature to our product. How to determine
whether people like it or not?

%m0 LURTE, AB Testing

% . The general idea is to do A/B Testing:

e Define metrics to measure if the feature has met the business
expectation

e Prepare two version of the products; one with new feature,
and one without. Simultaneously serve both versions to
customers.

e Split test population into a treatment group and a control
group. Make sure such split did not introduce any bias. A
common way to do this is Simple Random Sampling (SRS)
50% vs 50%.

e Prepare the following elements as of a standard hypothesis
testing:

o You need to define a null hypothesis for your
hypothesis testing. The null hypothesis can be that the
treatment metrics is not different from the control.
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o Pre-define the Type I error you can tolerate in your
weblab. Based on this, one can judge based on the p
value if the result is significant.
o Assess the power of your statistical tests.
There are also two practical considerations when running a A/B
Testing on a website:

e Running time: increase running time can get more samples
and successfully fend off noise. However, if the metrics drop
it can bring real loss.

e Dealing with outliers. There are two simple ways to deal with
outliers. One way is to truncate at a certain percentile of
metrics of the population, e.g. 99.9%. OR you can visualize
the outliers and have a hand picked threshold.

-FREESSW

NF—REMFRYE PEESBEX—E IR, R~
mRANEESPTMT X RERESERNZTIEFEEEENNA.
HREFESE—EXTFFamiE@, BEREEE—TE
WIEE, AFE—LEAMMENEIR, BWARELESFX—KE
B ARERX A, T ENSEE—LTWHRE L metrics,
AXEME, mAEOE TRk E LS BB LR
&1zial,

—LEE Il 5 A9 metrics  Active user, conversion rate,
impression, Click Through Rate(CTR), Bounce Rate, Revenue,
Profit... 58 Z 89 metric {513 ] IUSE RN RFE—FEH AR BIEN
“B L E I & Metrics — 587,
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Q1: An Internet company recently enforced users to use a standalone
Messenger App and deprecated the chat functionality on the
company’s mobile App. To track the performance of this move, what
metrics will you use?

5 . Product Metrics

f#Z . In this case, we analyze the metrics before and after launching

the standalone messenger App. One consideration point when
choosing the metrics is to look at the total metrics before and after
the change, without delineating the impact on the Company's general
purpose mobile App.

1. The number of daily active users and monthly active users are
good indicators to see whether we lose users, or experience reduced
activity by enforcing them to use a standalone Messenger App. We
can compare the number of total users of both mobile App and
messenger App after the change, with the number of users of the
mobile App before the change. This metric should provide insight on
whether the deprecation has significant impact on the App users.

2. The total time spent on the old integrated mobile App vs. the total
time spent on the new App plus the total time spent on the
standalone Messenger App.

3. The number of messages sent or received. Again, compare the
metric between the standalone Messenger App and the old integrated
mobile App.

4. The time taken for a user to send or resend a massage. Compare
the metric between the standalone Messenger App and the old
integrated mobile App.
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Also if we need to maintain the user engagement of the mobile App
after the change, a few more metrics should be considered:

1. Revenue generated by the general purpose of mobile App before
and after the change

2. Click through rate or number of impression of the general purpose
mobile App excluding the ones generated from the chat functionality.

- wmiE
MRFITFRZHERNFEXPH TR, BHEELDARS
IR, HIENFFEANELIELIE XTEREERX
BB E R RKERIE. % Facebook, Twitter, LinkedIn
FERE B WA A S EHEREIERZRIRENEFEEN
coding 88 /1, RN TFEMMEEZTEANE, EXXEARIEE
EMEEAEEER., XREMRBMEAFIEIR software
engineer (YA [AAEARL . AFKE, TUSENMNEEHE
leetcode.com, hackerrank.com £, B 8934 0] )& Cracking the
Coding Interview,
XK [ RE T AN EDA AT AZREW, ArIdE
LTHEFBIREDMTA. MRBFEEANEEN, —EE(FH
HEEREIRE, FRRXERBEMENEXR. fliR. £4F%,

M i 53 -

Q1: Implement pow(x, n) where x is a double and n is an integer.
2% = . Coding
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% . This is a numerical computation problem. The naive approach is

to compute the product of n copies of X, which takes O(n) times. But
using the recursive equation pow(x, n) = pow(x"2,n/2), we can
reduce the integer by half after each iteration until the n becomes 0
where x*0=1. In this way, we can have O(log(n)) computation time.
Note that n is integer, we need to handle corner cases such as 1) if n
is negative then pow(x, n) = pow(1/x, n), and 2) if n is odd, we have
pow(x, n) = pow(x,n-1). Note that (n-1)/2 is an integer when n is odd.
S pow([x, n):

(n == 0]):
1

(n == 1):
- X

(n < 0):

Cpow(l.0 / x , -n)
(n% 2 ==1):
- pow(x, n-1] * x

 pow(xX * x, n J/ 2]

- EEFEY

Machine Learning {fE 0 KA, ELMA 7 HAEIR BT
e BRTERFRNEMYISEFZIMSHIER, Tfal=RE

F supervised learning A E /Y [B)&A ., Lk g1 bias 0 variance =

[E]AY trade-off, T AMLEHIE (overfitting) Ban{EeESE.
FENBEARERSILRZBANSEES . BEGEMNVIHEFES

BORRAM L AETERRE LR, FRE, Emith, 9

X B —TEENESNE S, g EWLE input, F
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FUN B R4, training data FFIEE £ /), REE AL E FhL
%,
H il -

Q1: Why is “Naive” Bayes naive?
s ML A2 (Naive Bayes)
fiZ . Naive Bayes is considered “Naive” because it makes an

assumption that is virtually impossible to see in real-life data: the
conditional probability is calculated as the pure product of the
individual probabilities of components. This implies the absolute
independence of features — a condition probably never met in real
life. As a Quora commenter put it whimsically, a Naive Bayes
classifier that figured out that you liked pickles and ice cream would
probably naively recommend you a pickle ice cream.

Q2: “People who bought this, also bought....” recommendations on
Amazon are a result of which machine learning algorithm?

Z s MLBESHN A

& . Recommender systems usually implement the collaborative
filtering machine learning algorithm that considers user behaviour
for recommending products to users. Collaborative filtering machine
learning algorithms exploit the behaviour of users and products
through ratings, reviews, transaction history, browsing history,
selection and purchase information.

** Ik B Technical interview Questions ik H:

You, Jane. Data science interviews exposed: your one stop source for Data
Science job interviews. S.I: CreateSpace, 2015. Print.
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Data Application Lab
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[RiH—]
KihmE © Peter ZIf, FIEMEHETRETR, IHERTF Uber,

EZNNEHNRF/NEVFRFEERERRE, HEEEN
RpA%, AFEXATEEMEAILE.,

Q BEBEMNME REENBENWMERR Y

A RERBEPNASN T NEEFNEREEMNE, XMFKASM
5, FENBERRE—HSFEOBEAERAANNEE, HR'T.
mxFH/NERAE, FENEFEMRELLE, NEHERNFER
general sense, 3T ",

Q: ATIRFBEE, BEMTAFEN ? NEFZIEH A&
FHER 7

ATNRNVEXAS, NEENIZYECHREBEN ttamB—EN T
R, MEXNMEAFEBRTLAENA, XSREE. b, X4
ZHr2fig risk analysis, BB ENEEENTRIEERGRNNT #.
MREXANMAZ VML, BREENTHRAREE T
FEZIERZN., MRNEEFR/NAS], communication skill F1X3H
ZOBHIERENIREE, TRAHMOBALLLRHR, FEH
C 2 define,
QEBESAEEFEMTAFEN R, BN ES WL
H7?

A BDALERER B —L T ay[a@# ., tbga, 7E Santa Monica,
BZVEER T XA BELREEHNEEN R4S
I, fBAY assumption 24, approach 2ft4. MRZELLRE
EEERAL, BRSO ERNRA, Shel—EElE@m, %
DIntHEr, albtesting £,
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A — R ASHBESEXFILNARE. BAE—RE2RIEER,
1F1E2 hiring manager =& recruiter 78— T AEER. -8
+= technical interview, 223t SQL, Python, Programming,
Algorithm & — L E AT EIRIER . =% 2 behavioral
interview, Uber ¥ technical interview 2z JF il \—# take-home
data challenge , X FIX T E AR, KK TTIAE %% Kaggle -
. HIRERE, 1E1EEE —> cutoff score, RIEXN4K,
FRERGR offer,

Q: W FIFETHERMEFHEFETEHN TE, EmilEH 1w
B

A BIRBENERAEZ, HR, data GUSARIRAAER
&7, HEEFMNBKERE, AESEENTLRE. I TIER
PHBWEZ, BUZH—ELERANS, flmEFRRE—L&
HEXEIRM, HETE kaggle EE%LGF. 75, SQL, PythoniX
L hard skills th— 2 EFFEE1E,

Q &E, FH4RVERAOCEELGRR?

A ERVERVATFH, ESGMABEECHEN T T —1TR,
—/~dot, KREFR, —EEZEZR, ZEXIN=. 2l
H, REXRBETHMFESBERLFNB—Z, AMEHNEZE
BN, BITMETRAY connect the dots”, &I B C k311,
ZHEKTENSEREZR AT, %47 caseinterview,
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HEAEARRNKR, BRAMBETRIELERTR, LHENRE
AEERR, NERMRWVAR™4E T RIRAENE,

[R5 =]

XipmE /NEED, BIEIEARER, WIEEE b2cBF
TENSEREEENER, SHREYHHA, 58 HeFES)
TEHEMLER,

Q BHEBBENME, KEENBENWMLERR?

A TEFTURARES, FUREINZZEDTES.

Q: ATIMFEIE, BEMHAFEIN ? NEFIZNEFERUE
HHEHR 7

A: HEEZMEMERMIIR, Fl, ZARERRATH, &K
{1 %22 SQL, Scripting Language(Python/Java/Ruby {£3)%&— 4
Epis, FrAEEILNINE. Fonsitt EIXT, FEHE
MENIEENRIAR, NRBEANEN, BAEEE
L35, NIEEEESH white board T35 485%, BT E—L
pseudo script SkiEHFRIA B CVAEE.

QB ERAEER P+ AENEM, BN EEE TR E
517

A BN AR —EMEWRAB XM EBM, X SQL,
Scripting Language(Python/Java/Ruby {£%), advanced modeling 4
EREE. f=b—LmMBENEZR, WeEMImEEE, MR
EEUR AR REMNAMETEOEAMAKE, BIEIE RFr
BRI A L@, PDURINTERE.
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Q: B AT FHMBFE AT, EREXRD ESETARE
ZAh7?

A: —LEE/ Y startup EERER TN IEET XM B LH, ME
MEEFE BRGNS MK TR AR,

Q: W TIETHEZMEEREUETZRN TE, EEKEEM
iy

A FEETHEENREZEERERIFHE AL W EEXT data analysis
HRATAABNNA, FaTEESANAFOR. B, WNE
AT IEE—1MEATRALELERT, AAASEERE
FYZYREY passion ML R T .
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E%| OFFER KB ER

R BARERIRERTREZ M I offer, IERT DIFEFIKH.
BERTERGRER, THFRILFTHNEKONE, —B
&ITia%k1S offer, {RELTTUHKBE S TEH=.
BERVGIEE, LEHETNREFFENERM. RMNXFHNIL
NEERZFRRELNBE AT ENNE, FRHEN—PIER
ENFREN—DERANIZEMNTIE. MFHREAR
BAXKBANITRNMERE L.

RUTBEIME T RE X THERZENFERNEE, BRRASEH
REBENITIEMFS.

BRREEMEINSRORTA, EFRREEH—T, —BIR
T B B 8 TRk .

$E5 1T {E offer
MREENTR—NRE, BOURSE—MER S MLE.
Pt
EZRNMENEHE X AINAENEINARE., —EEEETX
— 8. BIINERTUAXRABERNETESE.

o AT

X ERERNBENZEINRERZREZ—. HRIRE
ERE B AN —BR AT, FHATHEREEZIKILTE
B (8] A AR R
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XA, FREXAERBURTEIE . HRASRAKNERN R EH
BIRBRANFAESRANMOFBENEEAY . XHER
B BT R AU
BIENIGEINBMEIRKIR, 5140 Glassdoor ERYASITFIE, %
IHRTERT, MRET LinkedIn Lo IUHEIAINRTHR T,
MR EMAEE. REEE R UAR—MRIFNTET
R TERNIEAMNEER K.

o HIBA
N RAEARAEHTNBAKNER, BREIZREXEXRE
U, FEHMA—ETIE. BERREAT—MREY XFSIHE
AE1E. RERERZSZHNENANANAS, REEHRKRE
HYR 8] S UREY TR A Z= HBA

o NE
BREGEASRAENTRETE, THRAEERBRIZNMITT.
RABESE RXEZE), EROZRBREERE. GRS
MIRRGEXFNEEE—EREELEEEN, BiIMRR
BENXERH—RERSE,

o WHIRMIH
TANRFHZE, B BPHNAMKEERATLE, RENLRE
FIETRIESE 7%M AN, SEERRERMNE, HLTIR—
TR, X2 R REME.
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TERIN, EEAERHE EEMRE,

AT 20 A a5t BV — S SCRI SRR

Indeed.com FYELIE > AT IR AY Y T3 24 65,000 £5T, HIETLRE
Ay T % 100,000 7T, HERFERFHTHEHN 11.5
F%ET. XEAE, FAkESNHXESREETHX, RIE
O'Reilly Media #9381, mnFtEE T MEMEHXHNERSSEEM
Rifr., ALIKSEER, EEMEEERFE T ENRNEFSEE
e, mEE, =, BAFMTAINERNHRNET, TN
FIEMNFEREREAOPAIEL

oW ATIYFFERATMEZTME AT, mXAREATE
FERBBMEEF HTL,

XA FKWIRERFE AN TEMERAR. OReilly %17
WA METNZiEERT T PRNIBEE. —TARAHRSR, %
REPSHEIFEAEHTANEHABEER. E—6F, F
F Scala iBE M AR—FENRRERE, WASTI0AET
BFRfgr, mEM SPSS (¥F T H) HANBAZDLEZ,
FERESRNZE], BHRETREXTAS, HANRMNEEAK
o

MRECERZ offer, HE | RELTER T XNENIEMEF,
RETHREI KRNI HFEAXNTHERBRBENFH, 3
BegmREANHSE M,
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¥ KHIR CHECK LIST

o Map out the role your skills fit

o Map out the industries and types of companies you want to work
for

o Prepare your LinkedIn, CV, and email templates

0 Research each company and role you want to aim for thoroughly
0 Reach out proactively to individuals within companies with
informational interviews

o Build strong networks and referrals

0 Tackle the data science interview

o Keep up hope

o0 Negotiate your offer

B E L= & METRICS — I8

¢
K

VeSSt
TUEXEE (Page View, PV) @ ZE—EZITEHARN (BF
A 24 INEY) FrBIARENENIIE S, ZEREEITE, 8
MR —NAEBENEE—TUE 38, B4 PVEITER 31
PV Z T/, MREWRARZTEY, MEMEXLERHAKR
REGEFUMERINEEEREZ—. FREX LXK,
RIEXT TEHME B ~HEACRE, FAERELEHRAA#H
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TR, BLMbmsHAX—% M R"PY, 207 UE F &
AR ILE iframe. BB MNMILGEA T TK PV I5tr, SK—
BEX (34AE) HromEn, Mgl EHREXHERR.

M3715[E%  (Unique Visitor, UV) @ E—ESITEHIAE
RIS ARG IP YA, BEER—RA, UV RIERE
—RFANNGEEBIRT P BTHEEF . NMREAFRIMZE T,
XEFT=%E, MWCE4 NPV I LA UV, UV RBRT RS
BENENAL, EBEREEILIFEEENLG FNEEES.
toh, HFREMNLZ ., SlXEF—LIFTBEFTSE X5
PO, k& IPRAMAK UV B REMB T2 8T, FhH
%2455 Cookies,

AEE (Visit) © ia] 3 Mt N s 2 55 R 2 (8] £ 22
MEEERE, WE—K Visite: EUREEBE—AHATENRITH.
BEFAEB—IHEENFAARE Visit (HIEFEEERINK,
20 30 7ril. XEREMRE AR B ELNFRITE L
ZEEf@A 15 28, WRE—R Visit ; a0R 8z 41 7
(RSENBEASFEE T —BKX) . WEYID AKX Visit,

EMET (Landing Page) : $515(0)3 X 55 Wk B AT 2134 A9
FT—ATNHE, XFRAFHEKRT., $XNERKITANDITEER T
AHEIMNB EREMEHEE TENRAKE, EiLER
N HeR2dEE s,

IR TT (Exit Page) : #5iAE1E X TN LR Fris R M&E
— M E. RETHEXR, HAFETMIGAEMEE, LA
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NYSRBRELHESTTENKEEMILE, BHEER, #EIMT
AATNZEBRSNERHER (MNMELMITEENTEIRT) |
NEERETIZNE, MHIEERAEERERE.

BEHiZ (Bounce Rate) : AT #EFubsi MITAIZE M.
Bk, #EAEEXMGNE T — NI R 7ih0E (Visit) o
BBk R = 2Bk EH /S TIEN R E, ©RWR T b
FISMACR ; Mt 2MmmmEiTErBkd R =12 m Bk H £
NZTNENREE, TENENNITSMENTEN. —Km
=, BHZREsRFNILA BB E K

RILE (Impressions) : XFREDREL, $5I HEX AR H
WINE AR, RESRBEEMB L —XK (JRIH T 1
®) , BIEEM 1. REF[ITRE (Hit) : FTREkRSH
B —RiEK. MIAREFHE T —MYXE 10 skEFHIMTT,
WFT=E0etE 11, HAPEHF 1 RMITEKF 10 XNz E A
HITEK

#{LZF (Conversion Rate) : #{k, 1BIER T EMIEA
Bir, W3ISAAERTH. T, FEITH. EXHFN
DRSS, RUERIIrEXMEARRNER, THATE=E
RuE R AR ENRSIRENEEIRE, flu, &%
R =Bl S &R EHEANERTINRE/ S&NE
M ; SEMR AR = TR RRRN A P EU/ELEEM T
HRRE,

87



{=E8AI[E) (Duration) : 3I{—RIFEMFLEAK. BER
AT RATE AR B&E KA R AR aR K ik e 5 —ok
TUHEARE (BXELERIT&RE —RARINFENK) .

#isE (New Visitor) : ¥1RIFRIMuGAYTAR)1E . 1B
Cookie ¥Itfr, FU—ENRAGITEH, BFA—1TA. M
REBEAGEEME, XABXIAR, WFRBANE
—XRIFEFTAmE, XMHRFEDRIEZE RN — N
ESE

B35 (Return Visitor)  HEXN#IIFEmMS, MR —PiH
EEIZARER AR, WREERHSE, B ELE
ZIETMEEM A BN ENRS I BEMMSESS A, 5
ITEERNFBEVILERE + FTAELERE = M 1hEE
=,

HEKIRE (Referrer) : FE—>RiA[a)E— M D1 5 AR
2XKE, XHREWERR . AR ETMNAREEE#*TT
9y, MIRKIFEMIGRIMR, RIS ARBIERSIZE. Wi
HE (OREEE. TEH&. BXEN) « TNERE (B
PEEFAMYL, M Eas B SN . Bt A= 5
ANER) F ;) BRENIEER, TR2A%KEE (0
fanbing.net) . M4 (%0 www.fanbing.net) B¢ URL (ZA
http://www.fanbing.net/about.html) ; $ZFRRSNEE, T &5
PG IMNEFE B SRR
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HttEM - ANE=HIT LRUSE 58 5 RENHME
& REURRIEH-TNER, WHErH. REHE. ¢4
ALLBl. Fente. FHotm. RibnhF.

RSN AL ST RER

FIEAFE (New Users)  fEERFTANANARERE,
BEBIRFIRANFA (ERAKH UDID) KiRFIAFD
E— 5. BT ERSITEIERERN, HIRMELE KT
FRA, BEREEN, hFEiTAZ, Wi, HEFLRES
A=EEEAR, ZAPNRAAHEBASITEERN. 5
R, MRTHTNREHRALE, HLEZFEERINT,
WIEEFIT AR

JEERFFEL (Active Users) 84t AR BE TR E R
RTANRAEE. R—RARE— ST ARRAZRERIL
E=1ERAR. XEFRTANEXENAmR, B
ERNE BBl EEER, BRNFEHRE B + UITEMIE
£ (RS ED—&FE) , EENNERMEEEREEN
SFHHEREE AN T RRSERE R, Eiban{eitE
AR, FREEERERAMNRIEE RN 4A. JEEK
BR#—MEB’E" (Daily Active Users, DAU) #1“B&"
(Monthly Active Users, MAU)
- FRAFE (Updated Users) : $5HE RERZRATER
FIFRAMAREE. BEEAN, RQOQXHRBEEESE
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RAXOEA, AMT4BRIEENBATZ LEmIE KA
THE'HPREENERZZ—, BB HAFPNEREAFHE
BIFTARAM THITAST T # %,

BTFR (Retention Rate) : #EA AR B AFIRRE
BANAE, £ 3—BE, MRSSEFER, XBrBALHY
MFEAFALEER, R EEZPAREBTXRT . BF
RATHENANREMNEHENRNTR. BEFEHAP A
REAANELFKRMEK (MMEBATHESNERIFTEHESE) |
NEBEFEERRS ; MEAERKNESEE (LERHFRED)
HRAA, BEERR. FE, FEMEANANEERD
ERENEE, WHEKNERBFERBERIMRES, ML
BXMERBEEXLENS. BEXBEEBXBEBEER.
SHEBHEXR, 7THBHEX. 15 HBHFXM 30 HBEHEER,

BHAP# (Total Users) : #5A SR EATEFIEA P EZ .
ZEFHBEAEMABNKES, FE—TKD, TEERELR
KR TERBI A 1B,

BOXFEARAK (Duration) : fEAFPN—XBEHNERE N
RFrfEZNEKE, ATHERANM. NAERGEZ
AHASITARF., FRAXFINEA, BEXFEARKT T
Zh%. TREXFSRBECABIRBH, APRERESEZE
MEMARYH, LEME—TERR. M—TRELAE, H
JURDER T KA. BN BUEFEEA, BET
KB A58
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- P ECREMRAC (Average Duration) [ THEITERRE
H2FEANK/1ZE Bsi#, o AT EAFM I EA S
BRE. BA—HRBEARNRNFERNKITREFEEZR,
RAE EHth SN — & S aER R AR ER, HEX
FRNKASGEAEETLLMEN, REFEYZEAEATH
LR

fEREIRR (Interval) : FEZELLMRFE A Z (8 f9AT (8] 8] FR .
MR—KEMNTRESEHEFNNNABNEREREK,
M5 BAXS A P VG A 9858, FRBFFMEEFEHANIR,
ARHEBRECKNE—R, XMEFEEE~RLTHX, =
R —EmEF R, MENHEXYEHLEHE.

#{L# (Conversion Rate) : 15N A4S ETTAH BirdI%:
IER, MEARSEENMEE. B—EROMm. BiF—i#t
FEF.

KBE¥F (K-Factor) @ #E~R0IRSEEEN, 1TER
EAGD R AR BB E/ N R BB L AGRTE A
FHIEEER, R K BFXKF 1, RAFREBEELES
=& P B A 8.

- FRPEHIE (Average Revenue Per User, ARPU)

BRENERRE EMNEINHEABERZ VR, =EHE~ 0
BN BIETR, B ARENARTSREKRBRAFR
E. ARPU B EITET AR~ BE— iR AN/ EER
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RPE. EEERAPRRIAA, o] DUERE ™~ Reaeel
ARBEREMANEFELRET.

EfEBPEHKES (Average Revenue Per Paid User,
ARPPU) : 5 ARPU I AHEZI AT A P Sk EARE,
ARPPU RITEMETHE 13 A P LA BN E s, BB
WICREAFER PN AN, ERIR, FREXI XS
XEAHFEAFESRZEMRS.

B ft#&% (Monthly Payment Ratio, MPR) : 38— 1B
St X a8 B A SaER A P REE I,

H i EHAME (Life Time Value, LTV) : AAME—X
FR~E FRE—XERZE, BIREHNMEERE.

** kb B 45 3% B “Growth Hacking K 2%

HEMNZTWECE
http://www.datascienceglossary.org
algorithm

A series of repeatable steps for carrying out a certain type of task with

data. As with data structures, people studying computer science learn
about different algorithms and their suitability for various tasks.
Specific data structures often play a role in how certain algorithms get
implemented.

artificial intelligence
Also, Al The ability to have machines act with apparent intelligence,
although varying definitions of “intelligence” lead to a range of
meanings for the artificial variety. In AD’s early days in the 1960s,
researchers sought general principles of intelligence to implement,
often using symbolic logic to automate reasoning. As the cost of
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computing resources dropped, the focus moved more toward statistical
analysis of large amounts of data to drive decision making that gives
the appearance of intelligence.

Bayes' Theorem
Also, Bayes' Rule. An equation for calculating the probability that
something is true if something potentially related to it is true. If P(A)
means “the probability that A is true” and P(A|B) means “the
probability that A is true if B is true,” then Bayes' Theorem tells us that
P(A|B) = (P(B|A)P(A)) / P(B). This is useful for working with false
positives—for example, if X% of people have a disease, the test for it is
correct 3% of the time, and you test positive, Bayes' Theorem helps
calculate the odds that you actually have the disease. The theorem also
makes it easier to update a probability based on new data, which makes
it valuable in the many applications where data continues to
accumulate. Named for eighteenth-century English statistician and
Presbyterian minister Thomas Bayes.

bias
In machine learning, “bias is a learner’s tendency to consistently learn
the same wrong thing. Variance is the tendency to learn random
things irrespective of the real signal.... It’s easy to avoid overfitting
(variance) by falling into the opposite error of underfitting (bias).
Simultaneously avoiding both requires learning a perfect classifier, and
short of knowing it in advance there is no single technique that will
always do best (no free lunch).”

Big Data
As this has become a popular marketing buzz phrase, definitions have
proliferated, but in general, it refers to the ability to work with
collections of data that had been impractical before because of their
volume, velocity, and variety (“the three Vs”). A key driver of this new
ability has been easier distribution of storage and processing across
networks of inexpensive commodity hardware using technology such
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as Hadoop instead of requiring larger, more powerful individual
computers. The work done with these large amounts of data often
draws on data science skills.

binomial distribution
A distribution of outcomes of independent events with two mutually
exclusive possible outcomes, a fixed number of trials, and a constant
probability of success. This is a discrete probability distribution, as
opposed to continuous—for example, instead of graphing it with a line,
you would use a histogram, because the potential outcomes are a
discrete set of values. As the number of trials represented by a
binomial distribution goes up, if the probability of success remains
constant, the histogram bars will get thinner, and it will look more and
more like a graph of normal distribution.

chi-square test
Chi (pronounced like “pie” but beginning with a “k”) is a Greek letter,
and chi-square is “a statistical method used to test whether the
classification of data can be ascribed to chance or to some underlying
law.” The chi-square test “is an analysis technique used to estimate
whether two variables in a cross tabulation are correlated.”A chi-
square distribution varies from normal distribution based on the
“degrees of freedom” used to calculate it.

classification
The identification of which of two or more categories an item falls
under; a classic machine learning task. Deciding whether an email
message is spam or not classifies it among two categories, and analysis
of data about movies might lead to classification of them among several
genres.

clustering
Any unsupervised algorithm for dividing up data instances into
groups—not a predetermined set of groups, which would make this
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classification, but groups identified by the execution of the algorithm
because of similarities that it found among the instances. The center of
each cluster is known by the excellent name “centroid.”

coefficient
“A number or algebraic symbol prefixed as a multiplier to a variable or
unknown quantity (Ex.: xin x(y + z), 6in 6ab” When graphing an
equation such as y = 3x + 4, the coefficient of x determines the line's
slope. Discussions of statistics often mention specific coefficients for
specific tasks such as the correlation coefficient, Cramer’s coefficient,
and the Gini coefficient.

confidence interval
A range specified around an estimate to indicate margin of error,
combined with a probability that a value will fall in that range. The
field of statistics offers specific mathematical formulas to calculate
confidence intervals.

correlation
“The degree of relative correspondence, as between two sets of data.” If
sales go up when the advertising budget goes up, they correlate. The
correlation coefficient is a measure of how closely the two data sets
correlate. A correlation coefficient of 1 is a perfect correlation, .9 is a
strong correlation, and .2 is a weak correlation. This value can also be
negative, as when the incidence of a disease goes down when
vaccinations go up. A correlation coefficient of -1 is a perfect negative
correlation. Always remember, though, that correlation does not imply
causation.

covariance
“A measure of the relationship between two variables whose values are
observed at the same time; specifically, the average value of the two
variables diminished by the product of their average values.” “Whereas
variance measures how a single variable deviates from its mean,
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covariance measures how two variables vary in tandem from their
means.”

cross-validation
When using data with an algorithm, “the name given to a set of
techniques that divide up data into training sets and test sets. The
training set is given to the algorithm, along with the correct answers...
and becomes the set used to make predictions. The algorithm is then
asked to make predictions for each item in the test set. The answers it
gives are compared to the correct answers, and an overall score for
how well the algorithm did is calculated.”

data engineer
A specialist in data wrangling. “Data engineers are the ones that take
the messy data... and build the infrastructure for real, tangible analysis.
They run ETL software, marry data sets, enrich and clean all that data
that companies have been storing for years.”

data mining
Generally, the use of computers to analyze large data sets to look for
patterns that let people make business decisions. While this sounds like
much of what data science is about, popular use of the term is much
older, dating back at least to the 1990s.

data science
“The ability to extract knowledge and insights from large and complex
data sets.” Data science work often requires knowledge of both
statistics and software engineering.

decision trees
“A decision tree uses a tree structure to represent a number of possible
decision paths and an outcome for each path. If you have ever played
the game Twenty Questions, then it turns out you are familiar with
decision trees.”
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deep learning
Typically, a multi-level algorithm that gradually identifies things at
higher levels of abstraction. For example, the first level may identify
certain lines, then the next level identifies combinations of lines as
shapes, and then the next level identifies combinations of shapes as
specific objects. As you might guess from this example, deep learning is
popular for image classification.

dimension reduction
Also, dimensionality reduction. “We can use a technique called
principal component analysis to extract one or more dimensions that
capture as much of the variation in the data as possible...
Dimensionality reduction is mostly useful when your data set has a
large number of dimensions and you want to find a small subset that
captures most of the variation.” Linear algebra can be involved;
“broadly speaking, linear algebra is about translating something
residing in an m-dimensional space into a corresponding shape in an
n-dimensional space.”

feature
The machine learning expression for a piece of measurable information
about something. If you store the age, annual income, and weight of a
set of people, you're storing three features about them. In other areas
of the IT world, people

JavaScript
A scripting language (no relation to Java) originally designed in the
mid-1990s for embedding logic in web pages, but which later evolved
into a more general-purpose development language. JavaScript
continues to be very popular for embedding logic in web pages, with
many libraries available to enhance the operation and visual
presentation of these pages.

k-means clustering
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“A data mining algorithm to cluster, classify, or group your N objects
based on their attributes or features into K number of groups (so-called
clusters).”

k-nearest neighbors
Also, kNN. A machine learning algorithm that classifies things based
on their similarity to nearby neighbors. You tune the algorithm’s
execution by picking how many neighbors to examine (%) as well as
some notion of “distance” to indicate how near the neighbors are. For
example, in a social network, a friend of your friend could be
considered twice the distance away from you as your friend.
“Similarity” would be comparison of feature values in the neighbors
being compared.

latent variable
“In statistics, latent variables (from Latin: present participle of /azeo
('lie hidden'),as opposed to observable variables), are variables that are
not directly observed but are rather inferred (through a mathematical
model) from other variables that are observed (directly measured).
Mathematical models that aim to explain observed variables in terms
of latent variables are called latent variable models.”

linear algebra
A branch of mathematics dealing with vector spaces and operations on
them such as addition and multiplication. “Linear algebra is designed
to represent systems of linear equations. Linear equations are designed
to represent linear relationships, where one entity is written to be a
sum of multiples of other entities. In the shorthand of linear algebra, a
linear relationship is represented as a linear operator—a matrix.”

linear regression
A technique to look for a linear relationship (that is, one where the
relationship between two varying amounts, such as price and sales, can
be expressed with an equation that you can represent as a straight line
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on a graph) by starting with a set of data points that don't necessarily
line up nicely. This is done by computing the “least squares” line: the
one that has, on an x-y graph, the smallest possible sum of squared
distances to the actual data point yvalues. Statistical software packages
and even typical spreadsheet packages offer automated ways to
calculate this. People who get excited about machine learning often
apply it to problems that would have been much simpler by using
linear regression in an Excel spreadsheet.

logarithm

If y = 10%, then log(y) = x. Working with the log of one or more of a
model's variables, instead of their original values, can make it easier to
model relationships with linear functions instead of non-linear ones.
Linear functions are typically easier to use in data analysis. (The /og(y)
= x example shown is for log base 10. Natural logarithms, or log base
e—where eis a specific irrational number a little over 2.7—are a bit
more complicated but also very useful for related tasks.)

logistic regression
A model similar to linear regression but where the potential results are
a specific set of categories instead of being continuous.

machine learning
The use of data-driven algorithms that perform better as they have
more data to work with, “learning” (that is, refining their models) from
this additional data. This often involves cross-validation with training
and test data sets. “The fundamental goal of machine learning is to
generalize beyond the examples in the training set.” Studying the
practical application of machine learning usually means researching
which machine learning algorithms are best for which situations.

naive Bayes classifier
“A collection of classification algorithms based on Bayes Theorem. It is
not a single algorithm but a family of algorithms that all share a
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common principle, that every feature being classified is independent of
the value of any other feature. So for example, a fruit may be

considered to be an apple if it is red, round, and about 3” in diameter.

A Naive Bayes classifier considers each of these ‘features’ (red, round, 3”
in diameter) to contribute independently to the probability that the
fruit is an apple, regardless of any correlations between features.
Features, however, aren’t always independent which is often seen as a
shortcoming of the Naive Bayes algorithm and this is why it’s labeled

‘naive’.” This naiveté makes it much easier to develop implementations
of these algorithms that scale way up.

neural network
Also, neural net or artificial neural network to distinguish it from the
brain, upon which this algorithm is modeled. “A robust function that
takes an arbitrary set of inputs and fits it to an arbitrary set of outputs
that are binary... In practice, Neural Networks are used in deep
learning research to match images to features and much more. What
makes Neural Networks special is their use of a hidden layer of
weighted functions called neurons, with which you can effectively
build a network that maps a lot of other functions. Without a hidden
layer of functions, Neural Networks would be just a set of simple
weighted functions.”

normal distribution
Also, Gaussian distribution. (Carl Friedrich Gauss was an early
nineteenth-century German mathematician.) A probability
distribution which, when graphed, is a symmetrical bell curve with
the mean value at the center. The standard deviation value affects the
height and width of the graph.

null hypothesis
If your proposed model for a data set says that the value of xis
affecting the value of y, then the null hypothesis—the model you're
comparing your proposed model with to check whether xreally is
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affecting y—says that the observations are all based on chance and that
there is no effect. “The smaller the P-value computed from the sample
data, the stronger the evidence is against the null hypothesis.”

outlier
“Extreme values that might be errors in measurement and recording,
or might be accurate reports of rare events.”

overfitting
A model of training data that, by taking too many of the data's quirks
and outliers into account, is overly complicated and will not be as
useful as it could be to find patterns in test data.

Pvalue
Also, p-value. The probability, under the assumption of no effect or no
difference (the null hypothesis), of obtaining a result equal to or more
extreme than what was actually observed. It’s a measure of Aow
surprised you should be if there is no actual difference between the
groups, but you got data suggesting there is. A bigger difference, or one
backed up by more data, suggests more surprise and a smaller p
value...The pvalue is a measure of surprise, not a measure of the size of
the effect. A lower p value means that your results are more
statistically significant.

Pandas
A Python library for data manipulation popular with data scientists.

Poisson distribution
A distribution of independent events, usually over a period of time or
space, used to help predict the probability of an event. Like the
binomial distribution, this is a discrete distribution. Named for early
19th century French mathematician Siméon Denis Poisson.

predictive analytics
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The analysis of data to predict future events, typically to aid in
business planning. This incorporates predictive modeling and other
techniques. Machine learning might be considered a set of algorithms
to help implement predictive analytics. The more business-oriented
spin of “predictive analytics” makes it a popular buzz phrase in
marketing literature.

predictive modeling
The development of statistical models to predict future events.

principal component analysis
“This algorithm simply looks at the direction with the most variance
and then determines that as the first principal component. This is very
similar to how regression works in that it determines the best direction
to map data to.”

prior distribution
“In Bayesian inference, we assume that the unknown quantity to be
estimated has many plausible values modeled by what's called a prior
distribution. Bayesian inference is then using data (that is considered
as unchanging) to build a tighter posterior distribution for the
unknown quantity.”

probability distribution
“A probability distribution for a discrete random variable is a listing of
all possible distinct outcomes and their probabilities of occurring.
Because all possible outcomes are listed, the sum of the probabilities
must add to 1.0.”

quantile, quartile
When you divide a set of sorted values into groups that each have the
same number of values (for example, if you divide the values into two
groups at the median), each group is known as a quantile. If there are
four groups, we call them quartiles, which is a common way to divide
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values for discussion and analysis purposes; if there are five, we call
them quintiles, and so forth.

random forest

An algorithm used for regression or classification that uses a collection
of tree data structures. To classify a new object from an input vector,
put the input vector down each of the trees in the forest. Each tree
gives a classification, and we say the tree ‘votes’ for that class. The
forest chooses the classification having the most votes (over all the
trees in the forest).The term “random forest” is actually trademarked
by its authors.

regression

“...the more general problem of fitting any kind of model to any kind
of data. This use of the term 'regression' is a historical accident; it is
only indirectly related to the original meaning of the word.”

reinforcement learning

A class of machine learning algorithms in which the process is not
given specific goals to meet but, as it makes decisions, is instead given
indications of whether it’s doing well or not. For example, an
algorithm for learning to play a video game knows that if its score just
went up, it must have done something right.

Root Mean Squared Error

scalar

Also, RMSE: The square root of the Mean Squared Error. This is more
popular than Mean Squared Error because taking the square root of a
figure built from the squares of the observation value errors gives a
number that’s easier to understand in the units used to measure the
original observations.

Designating or of a quantity that has magnitude but no direction in

space, as volume or temperature — 1. a scalar quantity: distinguished
from vector
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serial correlation
“As prices vary from day to day, you might expect to see patterns. If
the price is high on Monday, you might expect it to be high for a few
more days; and if it’s low, you might expect it to stay low. A pattern
like this is called serial correlation, because each value is correlated
with the next one in the series. To compute serial correlation, we can
shift the time series by an interval called a lag, and then compute the
correlation of the shifted series with the original... 'Autocorrelation’ is
another name for serial correlation, used more often when the lag is
not 1.”

standardized score
Also, standard score, normal score, z-score. “Transforms a raw score
into units of standard deviation above or below the mean. This
translates the scores so they can be evaluated in reference to the
standard normal distribution. Translating two different test sets to use
standardized scores makes them easier to compare.

strata, stratified sampling
“Divide the population units into homogeneous groups (strata) and
draw a simple random sample from each group.”

supervised learning
A type of machine learning algorithm in which a system is taught to
classify input into specific, known classes. The classic example is
sorting email into spam versus ham.

t-distribution
Also, student’s t distribution. A variation on normal distribution that
accounts for the fact that you’re only using a sampling of all the
possible values instead of all of them. Invented by Guiness Brewery
statistician William Gossett (publishing under the pseudonym
“student”) in the early 20th century for his quality assurance work
there.
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time series data

Strictly speaking, a time series is a sequence of measurements of some
quantity taken at different times, often but not necessarily at equally
spaced intervals.So, time series data will have measurements of
observations (for example, air pressure or stock prices) accompanied by
date-time stamps.

unsupervised learning

A class of machine learning algorithms designed to identify groupings
of data without knowing in advance what the groups will be.

variance

vector

“How much a list of numbers varies from the mean (average) value. It
is frequently used in statistics to measure how large the differences are
in a set of numbers. It is calculated by averaging the squared difference
of every number from the mean.” Any statistical package will offer an
automated way to calculate this.

Webster’s first mathematical definition is a mathematical expression
denoting a combination of magnitude and direction,” which you may
remember from geometry class, but their third definition is closer to
how data scientists use the term: “an ordered set of real numbers, each
denoting a distance on a coordinate axis. These numbers may represent
a series of details about a single person, movie, product, or whatever
entity is being modeled. This mathematical representation of the set of
values makes it easier to take advantage of software libraries that apply
advanced mathematical operations to the data.
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EX L XEER REMAEE &I HiEA N H Hre 1) 10 A7

me.
3. Understanding Machine Learning: From Theory to Algorithms

CGRAE@ZRZE D MNREREE)
By Shai Shalev-Shwartz & Shai Ben-David
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NEFIRE/LERITEYN T ERIRREBIERS Z
RANNER", XEAPHNREENETHRE —NRERUER
WNHBZFINNBUARHERRINE LR, XERBNETH
MBS SXABEERNNB[EZINBFHS | KN RBERAE
FREENEICHER, RTHNTHRELARANBRLR , XEPH
REFET 2R BLESBPRERINEENRE. RESTHE :
TTENEINITEERE , REMM &M (convexity) WS |
PFEHLEE Tk, wE&NZNEEMNAEXFZFINEERE LT
5| , LL% PAC-Bayes #1 compression-based bounds & #i%

4. The Elements of Statistical Learning

(BUZIER)

By Trevor Hastie, Robert Tibshirani & Jerome Friedman
APBEARBANH —PMEMER LR T ERITZIEH LR
—EEENEL, REXFTPNRETETERENRSITFH
R, BEENECIREEERFEIRC L, XEABRHREMNRM
TREZFXEHARNRGHEAREAIRILR, XAH R
TRUHZERKRUBRBNE , EXBLTRZITUH#ITHRIEEZE
NEZ 2T BHBERANEZMME. XARBHHMRMIEFR
MEBERXZY (N ) BEREXFIHE —EMNRIT. BT
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FRERETHENSG |, JIGREN , DR D RENHE (X
RHEXEBEMEBEPE —RBEEE T ) 2EXNWEHMFEE,
5. An Introduction to Statistical Learning with Applications in R
(ZRItEISETREA)

By Gareth James, Daniela Witten, Trevor Hastie and Robert
Tibshirani

RABHFLRUFIEMBENNT R IRNBRELRIFHRFE
WHR=ZAREARE  HAREMELEN. IEABFRETRX
BN RESHRS, XEXFEHMAMMFSIT T EERRE
Kt R IRERNFARER, XEFRX TEER AT
FERF RO ARG RRE KRS S MEN

6. Foundations of Data Science
By Avrim Blum, John Hopcroft, and Ravindran Kannan

THEHBZNESHRSE B fELE - MREZNMA |, K
RFERATTEVE —LERERN AR |, R EREZ 58
AGF B X#EE T EATENMAARBNBEEHRINERS
ABER. BT ERNER , BIIXABRMEE T RKME+
FMLIFEEANFRERZN, XEFPRINFERGRNT
THFHSRIEDCERBCNEZFRE—H , eNEXY
ENO+EENZEMNERENZ LHRER TRANEM.
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7. A Programmer’s Guide to Data Mining: The Ancient Art of

the Numerati

(BEREFANBIRIZERKERE)

By Ron Zacharski
XAEBHEEESRSISEERI KR BERZIMERARMN,
EEERUREEEE#h—8EE Python ZMMBH LML
BlFRZIBHPNAE , MARE HEL MR RIXAF, £
EFERENTURN S ERXMRENIHEP , EREHHK
REEHER, XXBRBEIHA RIS BRI RRBE
BN, TENTREREZEEFENNMERER, HREEFTX
RBHEHRE , R AT UEE - TRIEZERRNERERF

7o
8. Mining of Massive Datasets

(REBEEBRMANBRIRELZREE 2 H L E)

By Jure Leskovec, Anand Rajaraman and Jeff Ullman

RABEEZ N BEREMER LIFMBARER , XEBNFE
ALE—ERE LIRMRORNRE, TEERETHHAEAK
F CS246( KRBIEFEIZHE) R CSIASABBIZIE)A I TIREKEER
XAPHIREERE T RELAFNREES , CRNZEHEXE
ROABTENZEERN,. MREERELTHRERENR

B, REBETEHME UL REEFEZEXRENSEHRR,
9. Deep Learning
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CREZ)
By lan Goodfellow, Joshua Bengio and Aaron Courville
XR—EIRETHRESNISRFEITENRESZ S REN
P XEBHNEFRELTK , FEEM EKBRFHIE,

10. Machine Learning Yearning

(MBRFEIMB/E) By Andrew Ng
A I EHE(AI), #1855 ] (machine learning) # RE %3] (deep
learning) EEHTEE =, BEREBIY—MIBFIRES
ERBET —LRE  NZBEESHNGBIED ? Mz
Rim3t i REF I G ? AL EENHER TEYILRE ?
XARFI L EEBEL T EE,
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