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The Data Revolution

People share large amount of data
o Explicitly and implicitly
o Attributes collectedincluding

° locations, timestamps, textual contentetc.

A great opportunity to improve
online services, to enhance
existing infrastucture and to
engage users
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Leverage analysis of online traces for

° Improving measurement of users” similarity
> Enhancing online services

° Engaging online activity

What affects users online behavior?

> Do people have different needs in different places?
> How do social relationships affect online behavior?




Outline

= Location and text effect
Social networking effect
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Location and Text Effect

Location

Textual

Location +
Textual

The City Nexus tool [SIGSPATIAL 2014]

Multi-Clicked Queries [under review]

[ Familiarity of environment[SIGIR 2015] Next]

Correlation Between Textual Content
and Geospatial Locations [GeoRich 2014]
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Does the familiarity of
environment matter?

izza o

Pizza } pizza hut

pizza recipe

how to make pizza
pizza dough recipe
pizza hut menu
pizza toppings
pizza movie

pizza hut delivery

D N

* Pizzadough?
 Pizzaplace?
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A note on the dataset

Our dataset included more than a billion queries
log traces of a popular commercial search engine

Using these traces one can calculate the rank of
qguery auto-completion completion terms

ey 9 (query | atocomplein | rank
”pizza dough” 5 ‘ _ dough 1
pizza

"pizza place” 3 place 2
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Category Familiar Unfamiliar

o dough:3, places:3,

P places:5 dough:5
. fireplace:3, station:3,

g station:6 fireplace:8
wild rice:2, horse:2,
horse:5 rice:4
8

Hypothesis: Information need is affected
by familiarity of the environment
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What is a location?
> Using the IP address

What is a familiar location?
o Significance
° Travels

How to verify that the model works?



A place p is familiar to a user u if:

% of days on which u
was active fromp =t

p is significant to u

u returned to p All U’s activities
at least r times areinp

re-occurrence e.g. desktop
V. [
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Distance from Declared Home

100%

75%
50%

% of users

25%

0%

0 200 400 600 800 1000
Minimum F-Search Distance from Home

For 53.9% of the users, the distance from declared home
was smaller than 20 KMs

For 75.4% of the users it was smaller than 100
kilometers
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Queries Per Unigue Users

(Q

A place having large QPU (many queries few users) is
expected to obtain many familiar queries

o and vice versa
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Queries Per Unique
Users (QPU)
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A clear correlation is observed
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Compare To A Baseline Model

Consider the followingbaseline:
* A familiarlocationisevery placearound 20 KM from declared home

O b
~ o
(&) o

% of F-gearches

.25
0.00- : i |
0 b, 4 6
log QPU
Our Model

A clear correlation can be seen
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% of F-.gearches

0.25-
0.00- ‘ ‘ ,
0 2 4 6
log QPU
20 KM Model

No correlation can be seen
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Difference in Language
Models

Uni-grams
F-Search U-Search
facebook google

sale restaurant
free schedule
games football
ebay i ny
how lyrics
login ct
online store
craiglist movie
recipes hours
porn locations
tube mall

Bi-grams
F-Search U-Search
for sale new york
how to phone number

facebook login
to make
homes for
cool math
you tube
sales in
funeral home
real estate
black friday
for kids

google search
new jersey
high school
how many
hobby lobby

in new
football schedule
rus
movie theater

nfl scores
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Location and Text Effect

Location The City Nexus tool [SIGSPATIAL 2014]

Textual Multi-Clicked Queries [under review]

Familiarity of environment [SIGIR 2015]
Location +
Textual Correlation Between Textual Content
and Geospatial Locations [GeoRich 2014] Next
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Posts Origin in Microblogs

Wilﬁamsbridqe{
Bayches

Messages

B

F lushn
Flushmg
Meadows

Corona Par

Forest Hills

' ; Ridgewood
) N S
ynjvargs Yrile Ave
Memon.slv i .
”P Bushielt e Woadnaven Yep.... I'min my
/ @ Bedford-Stuyvesant L,
- e room.

[ Text Message ) &R

Correlation?
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Application #1: Associating
Posts from Different Networks

Text-based

TWEETS PHOTOS/VIDEOS

FOLLOWING FOLLOWERS FAVORITES
s 6,950 76 219 252 67 More v
social network
John M. Dow Tweets  Tweets and replies
@johnmdow

John M. Dow @johnmdow - 2h

Banjo player, brewer, amateur radio Blowing a bloody gale mapmywalk.com/workout/586033..

enthusiast, UNIX geek.

View photo
Q 55.885848,-3.59995
& johnmdow.co.uk

Retw y John M. Dow

©® Joined July 2007 Daniel Kibblesmith @kibblesmith - 10h

| can't believe they made a show about a hot Dracula and didn't cast
Scott Bakula the ads write themselves

3 76 Photos and videos

4 19

n M. Dow @johnmdow - 7h
aah (@ Innermost Circle Of Hell) 4sq.com/1gzAb5c

View details

oW @johnmdow - Sh
atsuma Oh God Heavens. That's just... lovely )

View conversation

johnmdow - 9h

a Ahal Yes, | looked at RunKeeper - thought the
was better on t'other one :) no probs :)

.Jo
Location-based _
social network L Bob

Instogruoum

Who will have a greater
success, Alice or Bob?
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An Example —
Measuring User’s Similarity

We compared between similarity based on the
following measures:

> only the locations of the messages using nearest
neighbor distance

> only the content of the messages using TF-IDF
> combination of both
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Problem Definition —
dentification test

A post p is denoted by p=(1,c)

/- location, on sphere

C— textual content

Each useru is associated with the set p,, of her posts

* Split u into u4, u,, such thatp, Up,, =p,andp, Np,, =0
* Let K be the k- most-similar users to u; among U U u,

» Consider success as the case where u, € K and failure
otherwise

Goal — maximize success rate
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Accuracy as a Function of &

\_

100 Ittty T bt bl
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2 —— Spatial — Textual
o 40 _ .
50 --- Spatial + Textual -~ Spatial + Textual
20 (mixed score) (ranked)
isb han | ' A
Contentis et.tert. an locations | - 10 13 16
and the combination of the two top-k
provides the best results
J
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Outline

Location and text effect
= Social networking effect
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Recommendingcontentitems to community owners [SIGIR
2014]

o Using recommender-system approach to recommend content items
to owners of online communitiesin a corporate social network

Measuring the effect on activity level [TOCHI 2015]

o Further extending previous work to examine the effect of
recommendationover the activity in the communities
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Main Challenges

Formal modeling that allows automaticdetection
> avoiding detection of erroneous patterns

o yet, portraying the diversity of human behavior

Verifying a proposed model
° lack of ground truth and tagged data
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Summary

We examined the utilization of spatial, textual and social
information toward understandingonline behavior

o Spatial and Textual: jointly-visited locations, multi-clicks,
familiarity of environmentand similarity between users

> Social: recommendingcontentitems to community owners,
engaging community’s activity

Leveraging online data one can Improve measurement of
users’ similarity, enhance online services and engage online
activity
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Future Work

Building tools for finding complex patterns that
combine traces from different datasets

> For example - improvingweb search by using social
activity

Developing infrastructure for allowing users to
define their models of online behavior patterns,
and later on detecting these patterns on real

datasets
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