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What are they worth? Think 50%

= > 50% of connections are from recommendations (pymk)
= > 50% of job applications are from recommendations

(JYMBII)

= > 50% of group joins are from recommendations (GvymL)
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What is a Recommender System?

A Recommender selects a product that if
acquired by the “buyer” maximizes value of
both “buyer” and “seller” at a given point in time
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Lesson 1 : Recommendations must make
strategic sense...

= Conflicts of interest between ‘buyers’
= E.g. job posters vs. job seekers

=

Apply on Company Website
Director, Data Scientist Yv
PayPal - San Jose, CA (San Francisco Bay Area) a Save job
22 share job B

Stop following ~
Job Description

PayPal is the faster, safer way to pay and get paid. The service allows members to send money without Posted By

sharing financial information, with the flexibility to pay using their account balances, bank accounts, credit

cards or promotional financing. With nearly 100 million active accounts in 190 markets and 19 currencies Sachi Yokota

around the world, PayPal enables global commerce. Putting customers' needs first, PayPal is redefining Recruiter, Marketing & Strategy at
the payments category through product, marketing, and service delivery innovation. PayPal

We"re looking for engineers, applied scientists, and researchers with experience in implementing data Send InMail

mining and hine learning sy to help build i ive products all of PayPal and beyond. This is a

new team under the guidance of the chief scientist at PayPal that will leverage all data throughout eBay
Inc. - from creating new products, technologies and platforms, all the way to supplement existing products
for various use cases. We hope to build a world-class data science team that will have direct impact on @H John Reilly

1 of your connections can refer you to Sachi:

= What is the (long-term) value of an action?

= How do we compare an invitation from a job application from a
group join or the reading of a news?
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Ingredients of a Recommender System

A Recommender processes information and
transforms it into actionable knowledge

Data Business Logic

and Analytics

(Feature
Engineering)

Algorithms

User Experience
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Lesson 2: User Experience Matters Most

1. Understand user intent
- Define, model, leverage
2. Be in the user flow
3. Optimize location on the page
4. Set right expectations (“You May...”)
5. Explain recommendations
6. Interact with the user
/. Leverage Social Referral
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User Intent, User Flow, Location, Message

Job recommendation use cases

User
experience

User intent /
location

Optimization

Homepage
personalization

Impact on job
application rate

2.5X

User flow /
user intent

Before vs. after having
applied to a job

7X

User flow

LinkedIn homepage vs.

Jobs homepage

10X

Location

Center rail vs. right rail

5X

Message

Followers vs. leaders

2X
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Applied Researcher / Data Scientist: Data Analysis,

Data Mining and Machine Learning Linked f.

Linkedin - Mountain View, CA (San Francisco Bay Area)

Job Description

ssed while
Our. for

and cur engineers are ignt there with it!
nitp:lengingering.Iinkedin.com/

About Data Analysis, Data Mining and Machine Learning

datasets. This esear

ofers the

P ton. 1.
impact on key L

ad targeting.,

Desired Skills & Experience

. y with Java, C++ or any
otner OOP language.
 You have worked with data mining toolkits like Weks, Manout, R, NLTK, etc.

SOLR.

* Your eta mining,
recommendation o search reevance solutons.
« You have publshed in academic and indusiry ccles.
+ 85,11, or PhD in computer science or other quantiative discipine.
. testariven,
* You enjoy using data to crve products.
Company Description
company, Li The company has a
Additional Information
Posted: November 28, 2011
Type: Futitme
Experience: M-Seniorlevel
Functions: Engneering, Research, Scence
Industries: Interne, Information Technology and Services, Computer Software
Job1D: 1936094

Appry with Linkedin Apply with Resume.

met, Informaton Technoiogy and Senvces, Computer Software Jobs
fechnoiogy and Sendces, Computer Software Jobs in San Francisco Bay Area

Item based collaborative filtering:
- Follower audience

Apply with Resume

[ Save job
= shere oo @OO
Stop olowing -

Posted By

< Shikha Mathur (77

Technical Recrutter/Sourcer at
Linkedin (smathur@nkedin.com)
Serc hiat

59 of your connections can refer you to Shikha:

‘ Recruiting Manage
Roquest it

Hilary Taubman-Dye (70)
er at ConnecTV
Sina

View at 59 people

[0 Salary Range for Jobs Like This

salry

a | 55708 ‘.o
3
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You're Li

L]
e
2

UnkedD.

Percentile

nked to Linkedin
Ed Campana
Senior Recruter at Linkedin

Sed meszage

Steve Sordello (i)
Chief Financial Officer - Linkedin
Seni meszage

Nico Posner (32)
Principal Product Manager.
Interational at Linkedin
et meszage

Principal Software Engineer
Lkecin - Mourtain View. CA

View sl 9 simisr

Content based:

- Leader audience
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User Intent Modeling

1. Intent labeling

« Job seeker, recruiter, outbound professional, content
consumer, content creator, networker, profile curator

2. Build normalized propensity model for
each intent

Linked ﬁ 11



Job Seeker Intent

= Features

= Behavior: job searches, views &

applications, job related email
replies, has a job seeker sub, ... ”

=  Social graphs: # of colleagues in
network who recently left, ...

- Content tltle’ IndUStry’ 0‘ 2 4 6 8 10 12 14 16 15 éo 22 24 26 28 30 32 34 56 38 40
annlversary date, " # of colleagues in your network who left in last 6 months

o
w

o
)

o
-
o

o
N

0.05

Prob. you will quit in next 6 months

o

= Propensity Score B

=  Parametric accelerated failure
time survival model

= log T;=2,B,X;t0O¢
= Score: P(switch job next month)
= Evaluation
= Gold standard

= Directional validation

o 00 200 300 0 500
months since graduation (from fist degree)
i ﬁ
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Lesson 3: Recommendations often cater to
multiple competing objectives

Groups You May Like

§p) G Sayesin Belie Networks wit Suggest relevant groups ...

© Join - Professional Group

that one is more likely to

© Join - Professional Group

Sentiment Analysis Symposium pa rti Ci pate i n

© Join - Conference Group

Feedback | See more »

- KDD oral

TalentMatch

aaaaaaaaa Suggest skilled candidates ..

e Your job has been posted and is available for public viewing.  Share job with your connections  View job

Reach out to people who match your job description for: Director of Product Management W h O WI I I I I ke I y re S p O n d tO h I rl n g
Show: Active v
Susan Roberts @0 * X Robert Cotton G * X Rebecca Casewell @) ¥ X I I ' a n a e rS I n u I rI eS
Q Product Marketing Manager " Senior Product Manager Director, Product Management
Cisco Systems WebEx Hilton Worldwide
9.5 $San Francisco Bay Area
s

9.7 San Francisco Bay Area 9.5 San Francisco Bay Area
o
Save profie ~  Send InMail Save profie v Send InMail
Robert Stevens * X Jennifer Roberts @) % % Steven Reynolds @9 % X
Senior Product Manager Director, Product Management Senior
DimensionData =~ = <8R CPM Braxis ed Solutions
9.4 San Francisco Bay Area 9.2 San Francisco Bay Area 9.2 San Fran ay Area
e v
Save profie - Send Save Send

Semantlc + engagement objectives
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Multiple Objective Optimization

Constraint optimization problem

1. Rank top K’ > K results wrt to primary objective (e.g.
relevance)

2. Perturb the ranking with a parametric function which
leads to the inclusion of secondary objective(s) (e.g.
engagement)

= Measure the perturbation using a distance
function wrt primary objective

= Create a framework to quantify the tradeoff
between the objectives

Linked {1}
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TalentMatch Use Case |

* Proxy for likelihood to answer hiring managers inquiries:
« Job seekers are 16X more likely to answer than non-seekers

- Increase % of job seekers in in TalentMatch results

« Control for TalentMatch booking rate and sent emails
rate
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o1
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- . '\ LN
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s0 0 150 Distribution of min TalentMatch scores
P2 e ondations or T80 ke (43 kot e 0811 over 1 month of jobs posted on LinkedIn
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TalentMatch Use Case I

Table 2: InMail response rate ratio of treat-
ment group over control group. Data collected
over a period of four weeks around May/27/2012-

June/17/2012.
Treatment Treatment /Control  95% CI
a=8=115 1.42 0.95 - 2.01
a=p8=107 122 \ 0.94 - 1.59

Table 3: Booking rate ratio of treatment group over

control group. Data collected over a period of four

weeks around May/27/2012-June/17/2012.
Treatment Treatment/Control  95% CI

a=§8=115 0.96 0.81 - 1.15
a=8=107 1.00 \ 0.85 - 1.20

Table 4: Inmails/booking ratio of treatment group
over control group. For perspective, the con-
trol group has approximately 2 InMails/booking.
Data collected over a period of four weeks around
May /27 /2012-June/17/2012.

Treatment Treatment /Control  95% CI
a=8=115 1.25 1.07 - 1.51
a==107 131 \ 1.11 - 1.57
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Data Sources for Feature Engineering

Social Graphs

Content

Applied Researcher / Data Scientist: Data Analysis,
Data Mining and Machine Learning ked|f.

Linkedin - Mountain View, CA (San Francisco Bay Ares)

Job Description

and our engineers ae rght herd wih !
hipilengineering inkedo.com!

Christian Poss  Abeu0sts Ansysi, Das Mining and Machine Learning
Principal Data Scie

‘Arab spring: an interactive timeiine of Middie East protests

Linkedin Tomas
SonF
Cheitian Posse Desired Skills & Experience
Nanotechnlogy rirers ° Soutss e Sova, Gee orany
.  arout, R ALTK, e
Shae - S st sty s i
8BS MS.orP Oiscussions | Membes Promatons  Jobs  Searn  Manage [ ore.
Curert PrincpalDaa Sclons £ YouTveln Your Groups (48) Reorder »
Past DectorofTecnnology &
Drector, Development
Dota Corporaton: X )
¢ Research Scientista  Company Desci 4 Visual Analytics
= Founded 0 2003, i Gy eus View - ‘Shaw all RS8 dacussions v,
Education  Stanford University mmm I I 1 -
‘Swiss Federal Institute ¢ versited business Tum_:ﬂn Charts in Excel 2007 Update scaoworid.com - | <oy 3 | = 5
= - ==
Recommandatons 9 psopl have recomme q : ==
Comecton ———
S ::r"”m Additional Infor ¢ ~T= — e e =5
Pubic Profle " The R Project for Statistical Computing
= Hore s a
L3+ Shave. ) design “ 1

Jow sy T Evrsnce  man i Turia b vt o dot i Do 200in st
Simaadans (TN e camoon ooiors o oo 55s e

Summary

Fifteen years of expertse in the ressarch. analysis. design, developme
cost-efiective,

1ne rea of precive anayics viualanaytcs. siasics mactine ez Gacrg Ingam 1 e, rat proaratn,wo ro nowin 012 s P Data Mining, Data Mining, Statistics, and Data Visualization
Eooptin sovn oo aonsmentas INKEDIN TODAY - JAN 18 [ stastes, andOut 5 @

Iranagerintsxpensece ot et on [T R T T ST e i =

Specialties

ine Experi i Profassionak
Language Processing,Infomaton Fusior == @ Online Experirr Pr
Intgagance

Experience

Linkedint

iy 2000 Prosent (2 yoors 7 mondh) | Mt asaeusanoues s
Design and develop from ground up data ==

e P e i

WO LB

1. Highy scalabie real-me content-base.
bult 0n 10p of Hadoop, Lucene and Voide
- Personalzed recommendations: Jobs Y

iparies You May Want o Follow', Jobs For You' Web Ads, Events You May Be Interested

i
- Similar recommendations for obs, Groups. companies, industres, profiles and events.

J0b Appicant Scoring. Ad Targetng Engine”
- Crom based recommendatons: Related Searches', Viewsrs o Ths Profie A'so Viewsd, I
“Pecple Who Viewed This Job Also Viewed. ‘Professicnal That Recommend This Product Also

¥, People Viewed,

growps
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Lesson 4: The Unreasonable Effectiveness of
Big Data

= Data jujitsu: slice and dice (smartly), then count

Rich features engineered from profiles jujitsu
= Job tenure distributions
= Job transition probabilities

= Related titles, industries, companies

= Profile & job seniority

= Impact on job recommendations:
= 25% lift in views, viewers, applications, applicants
= 90% drop in negative feedback

Linked tﬁ 18



Lesson 4: The Unreasonable Effectiveness of
Big Data (cont.)

= Region stickiness

= Related regions

Impact on job recommendations: 20% lift in views, viewers,
applications, applicants

= |ndividuals propensity to migrate

Most vs Least sticky regions*
*what percentage of people stay in the same region when switching companies

80%
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30%
20%
10%
0%
& o>
VS o 0‘(\ '°C\I c;bo
. R O
<§‘°’ Q)q,* ‘b\z *0« ‘}9«\ %(\\'b &0& (},}{\ <& 69'\
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& & S & F
@ < X K\
< )
A
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Lesson 5: Data Labeling Can Be Daunting

= Historical data
= Similar objective
= Unrelated processes, e.g., same session search selection
= reduce presentation bias, position bias
= What about intent bias?

= Random suggestions
= Great with ads, company follows
= Not for products with high cost of bad recommendations
= jobs, alumni groups, ...
= Not for similar recommendations

= Crowdsourced manual labeling

= Very challenging
= Pairwise comparison more suited than absolute rating = higher cost
= Expert-sourced manual labeling

Linked ﬁ 20



Lesson 6: Measure Everything

1. Implicit user feedback

Linked {1}

E.g. impressions, immediate actions (clicks), secondary actions
Understand and optimize flows, e.g.,

. Impact of ‘See more’ link and landing page
. Conversion rate of a job view into a job application from various
channels

. E.g. Homepage vs email vs mobile

JOBS YOU MAY BE INTERESTED IN

Senior Campaign Sponsored
Development Manager
Ads Direct Media - We...

- Product Manager, Big Data
and...
RMS - San Francisco Bay ...

Senior Unstructured Data
Platform...
Recommind - San Francisc...

Product Manager, Big Data
Visualization...
Google - Mountain View, CA

21



Lesson 6: Measure Everything (cont.)

2. Explicit user feedback
: Understand usefulness of the recommendation with unequal depth
. Text based A/B test!
- Help prioritize future improvements
| Reveal unexpected complexities
. E.g. ‘Local’ means different things for different members
L Prevent misinterpretation of implicit user feedback!

JOBS YOU MAY BE INTERESTED IN

- - From: Joseph Hicks-Malloy <jh041177@yahoo.com>
Senior Campaign Sponeored Date: August 12,2012 53132 PM PDT
%S”[')‘;z;';‘;;“;d”f:?‘w:’ Subject: [Site Feedback] Job Recommendations Feedback
To: Linkedin Feedback <suggestions@linkedin.com>

- szduc* Manager, Big Data The following comment was submitted on the LinkedIn website on August 13, 2012 12:31 AM by Joseph Hicks-Malloy:
and...
RMS - San Francisco Bay ... Your job suggestions are very helpful keep up the great work
Senior Unstructured Data From: Steve Lane <Steve.Lane850@gmail.com>
Platform... _ Date: August 12,2012 6:00:15 PM PDT
Recommind - San Francisc... Subject: [Site Feedback] Job Recommendations Feedback

To: LinkedIn Feedback <suggestions@linkedin.com>

Product Manager, Big Data
Visualization... The following comment was submitted on the LinkedIn website on August 13, 2012 1:00 AM by Steve Lane:
Google - Mountain View, CA
Need jobs in memphis tn.

I— Feedback lkee more » Steve
Linked T3} =




Lesson 7: Beware of some A/B testing pitfalls

A
A
1. Novelty effect A = e
. | . A AA\ <
= E.g., new job recommendation algorithms A L

have week-long novelty effect that shows
lifts twice the stationary (real) one

Phase 3 —_— | 20%-
Algorithmld in production Explanation PRODUCTION bucket \
4 4001 + MinMax 0-34 Gco %‘\900
5006 5005 + TBS-0.3 35-44 < 05— g \ /

200 W VN s " S ns - S
TBD 5005 + TBS-0.2 45-54 15%
TBD 4001 + TBS-0.2 55-64 \
T8D 4001 +TBS-0.3 65-74 1 wee k | IﬁS 2W k | If ‘ /
TBD 4001 +TBS-0.1 75-84 e €eKsS tS ! 10%—4——1
4 4001 + MinMax 85-99 R T —— T " " " \

5%

2. Cannibalization
= Zero-sum game or real lift?

3. Random sampling destroys
network effect

Linked([}) 2



Lesson 8: One Unified Platform, One API

= Scaling innovation

= Cross-leverage improvements between products
» Shared knowledgebase

= Maintainability
* Production serving and tracking
» [nfrastructure for complete upgrades

= Performance
= Billions of sub second computations

Linked {3}
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Open Source Technologies

v

o ThEREEEm

Zoie Bobo

| &0

Kafka Voldemort
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Conclusion

= Social/professional networks are a new
frontier for recommender systems

= Still many open questions:
= How do we define and measure engagement?
=  What is the utility of a recommendation for the member?
= Whatis the value of a recommendation for the network?
= How do we reconcile utility and value when they conflict?
= How do we network A/B test without tears?

= |earn as you go
= Track everything and invest in forensics analytics

= Breadth — understand holistic impact
=  Depth — understand flows

Linked {1}
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