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e What is recommender system?

e Our focuses
» Application of RS in healthcare
e Research directions



Recommender system is a technological
proxy for a social process




Basic interaction paradigm of
recommender systems

“l recently enjoyed Snow Crash, Seabiscuit,
The Soloist, and Love in a Cold Climate”
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““Books you might enjoy are...




Why is it so popular in current Web

environment!

* Recommender systems to help users
> handle with information overload

o discover interesting items (e.g., friends, videos,
blogs, articles, etc.) in the social environment

e Term became notable in 2004

> Enhancing creativity, communications, secure
information sharing, collaboration

> Leading to the evolution of web-culture
communities: social-networking sites, video
sharing sites, blogs, wikis, etc.



Covering research areas

e Machine Learning

> Development of algorithms and techniques that allow computers
to "learn®

¢ |nformation Retrieval

o Searching of documents and information in documents (e.g. web
search engines)

e Human computer interaction
o Usability, understanding the user, evaluating systems

» User modeling
- Modeling of user preferences or profile

e Designing and building complex information systems

- Data representation, integration and interoperability, business
models



Major Techniques

Technique Typical background Typical input Typical process
Collaborative Ratings from U of Ratings from u of Identify users in U similar to
filtering items in | items in | u, and extrapolate from their
ratings of i
Content- Features of items in | u’s ratings of items Generate a classifier that fits
based in | u’s rating behavior and use it
on i J
Demographic Demographic Demographic Identify users that are
information about U information about demographically similar to u,
and their ratings of u and extrapolate from their
items in | ratings of i
Utility-based  Features of items in | A utility function Apply the function to items

over items in | that and determine i’s rank
describes u’s

preferences
Knowledge- Features of items in I; A description of u’s Infer a match between i and
based knowledge of how needs or interests u’s need

these items meet a
user’s needs



@ show Mr.A's preference to the system

prefer

5|m|Iar
Mr.A

@ p‘ efet

recommendation

Collaborative filtering

“You like most of the same movies Joe and

usefs having Linda like, so you might like these other
similar preference . : ’s
recommended moyvies they III(Ed.
items search
@ database search
database

. Feature Yser profile

values j

S

= = Content with

User ' 3\
C O n te n t- b as e d Content used in the pas(/ Métcmng ’:> ?;I:ll:sr ::alure

“You like movies starring Maggle
Cheung.”

, Feature Contems profile

vaiuos

Contenls




Qutline

* What is recommender system?
e Our focuses

» Application of RS in healthcare
e Research directions



Our previous research works

I. User interface design
2. Fusing auxiliary resources

> Social relationships
o Tags

o Reviews



|. User interface design

N Processor v Installed Hard drive X 5 5 Manufacturer Price Processor speed  Battery life Installed Hard fr'" Display size Weight
Manufacturer Price speed Battery life memory capacity Display size Weight memory capacity
@ R $2'095.00 167 GHz 4.5 hour(s) 512 MB 80 GB 38.6cm 254kg
® = $2'095.00 1,67 GHz 4.5 hours 512 MB 80GB 38.6cm 2.54kg
i Processor i Installed Hard drive i i i Manufacturer Price Processor speed  Battery life Instalind Hard drive Display size Weight
Manufacturer Price speed Battery life memory capacity Display size Weight memory capacity gl
= c S $1'492.00 156GHz S hour(s) s12MB 2068 3380m 191kg
¢ Why? i $1'220.49 1.8 GHz S hours 1GB 100 GB 38.1cm 2.95kg
c — $1739.99 15 GHz 4.5 hour(s) 512 M8 80GE 38.6 cm 249kg
© why? — $2'148.99 2.0 GHz 4 hours 1GB 100 GB 39.1cm 2,90 kg c $1'625.99 15GHz S hour(s) S12MB 8068 307 em 2.09kg
C Why? 3 $1'379.00 3.3 GHz 2 hours 512 MB 100 GB 43.2cm 431kg C S— $1'426.99 1.5 GHz S hour(s) 512 MB 60 GB 30.7 cm 2.09kg
o whye $1179.00 3.2 GHz 2 hours 512 MB 806G 39.1cm 362kg o — $1929.00 B2t Ahous) alzve i RN LALK
c — $1'595.00 1GHz 55 hour(s) s12 MB 4068 26.9 cm 1.41kg
c wh i — ‘they have higher processor speed and bigger hard drive capacity, but are heavier
el 2 ‘590, z ; i i i
Why? I $1599.00 ke 6.5hours 2B g CRIE 191k Manufacturer Price Processor speed  Battery life ::::‘I,I:Vd :‘:;:E‘I’{V“'E Display size Weight
C whye $1'42500  16GHz SShours  S12MB 8068 |1em 286k e 4122049 THGs 8 haur(s) ik e 8iom.  2.95kg
8l WH %? — $2'235.00 18GHz 2.5 hours 1GB 100 GB 43.2 cm 3.99 kg c = $2'148.99 2GHz 4 hour(s) 168 100 GB 39.1cm 29kg
c _— '379, X ; ;
Tis product has highet processar $119000  326Hz 1 haurs 512 MB 80GB 39.1cm 372kg $1379.00 39:GHz 2 hour(s) 512 MB 100 GB 43.20m 431kg
lspeed and bigger hard drive capacity c — $2'235.00 1.8 GHz 2.5 hour(s) 168 100 GB 432cm 3.99kg
aiaheg $119500 156GHz 6 hours 512 1B 80GB 307 om 2kg
c - $2'319.00 1.7 GHz 4.5 hour(s) 512 MB 100 GB 4320m 3.13kg
[l $2'319.00 167 GHz 4.5 hours 512 M8 100 GB 43.2cm 3.13kg I . $2075.00 18 GHz 1,67 hour(s) s12MB 10068 4320m i
Coww  — gesm isek  Stus sk s Ben 181k ‘they have longer battery life and lighter weight, but smaller display size
Installed Hard drive
C Whe . $1'739.09 15GHz Y& bours S19Me 80 GB 386 em 249 kg Manufacturer Price Processor speed  Battery life momory capacity Display size Weight
c S $1'529.00 17 GHz 6.5 hour(s) s12MB 5068 338cm 1.77kg
C Why? R $1'629.00 18GHz 5.8 hours 512 MB 60 GB 38.1cm 2.81kg
c . $1'599.00 17 GHz 6.5 hour(s) 512 MB 50 GB 338cm 191kg
© why? —_— $1'625.99 15GHz S hours 512 MB 80 GB 30.7 cm 2.09kg c $1'125.00 15GHz 6 hour(s) s12M8 8068 307 em 2kg
C Why? _ $1'426.99 1.5 GHz S hours 512 MB 60 GB 30.7 cm 2.09 kg ‘el _ $2'099.99 1.2 GHz 9 hour(s) 512 MB 60 GB 26.9 cm 1.41kg
[ 200909 1.2GHz 9 hours 5128 50 68 269 cm 141kg S — $1642.00 LHohe 85 hour(s) $12MD 40/68 26:30n 1360
(s — $969.00 1.2 GHz & hour(s) 256 MB 3968 307 om 2.22kg
R they are cheaper; but heavier
© why? — 1'649.00 1.1GHz 8.5 hours 512 MB 40 GB 26.9 cm 1.36 ki i
— § 9 Manufacturer  Price Processor speed  Battery life Inoalles Hord drive Display size Weight
[ $627.10 16 GHz 15hours 256 MB 4068 |iom  281kg p Siat] | A5 Fheu e e Sien: HE
C Why? " $969.00 1.2 GHz 6 hours 256 MB 39 GB 30.7 cm 2.22kg K e $1'425.00 1.6 GHz 5.5 hour(s) 512 MB 80 GB 39.1 cm 2.86 kg
o . 2
(ST p— $520.00 1136Hz  35hours  128MB 3068 38em  259kg sii000 320 1 hourts) Sizue £0.68 olan  i272ke
c — $1'629.00 1.8 GHz 5.8 hour(s) 512 MB 60 GB 38.1em 281 kg
¢ Why? SR $1'929.00 1.2 GHz 4 hours 512 MB 60 GB 26.9 cm 1.41kg
c R $627.10 1.6 GHz 1.5 hour(s) 256 MB 40 6B 38.1em 281kg
[ $1'595.00 1.0 GHz 5.5 hours 512 MB 40 GB 26.9 cm 1.41kg c — $520.00 1.13 GHz 3.5 hour(s) 128 MB 30 6B 35.8 cm 259 kg

List view VS. Organized view



Eye-tracking experiment: Hotspot plot
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Our previous research works

.
2. Fusing auxiliary resources

> Social relationships
o Tags

o Reviews



2.1 Augmenting Collaborative Recommender by
Fusing Explicit Social Relationships

Katie Jordan
L

-April Meyer

Approach [:social graph
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Approach 2: matrix factorization
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All time most popular tags

2.2 Incremental Tag- Aware User o7 snca smstertam animals architecture art st aust

beach beriin birthday biack biackanawnite blue

Profile Building to Augment ltem | cameraphone camping canada canon car cat chic

City clouds color concert day de dog england eurt

Recommendations florida flower flowers food wowan france frier

germany girl grafiti greece green halloween hawaii

From www.flickr.com &

@ Select more related tags to profile

Factual tags Subjective tags Personal tags

[ Initial Query ]

Ste 4
lsmp ] Tag Recommendation

)

[ User Tag Profile } Sfep.?\_f/

Step2/Step5

=
< Profile-based Item

Recommendation
/

s Your current tag profile
@ bloody &)

Figure 1: The overall flow of hybrid design

Figure 6: The interface of our movie recommender system.



2.3 Review-based recommender system

-- document-level

| was pleasantly surprised by this fairy tale type
movie. Director Bryan Singer and his fellow cast
and crew members came through and pulled
something that remains an average flick for our
entertainment. | am not crazy about this movie,
it just attains to being a decent flick. It seemed
that if it went any further wasting time or
spending time on development the cheesiness
would have kicked in. But in Jack the Giant
Slayer the enjoyment comes out of the build-up
and freight of these huge giants.
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2.3 Review-based recommender system

-- feature-level

| bought an iPhone a few days ago. It was such a
nice phone.The touch screen was really cool. The
voice quality was clear too. Although the battery
life was not long, that is ok for me. However, my
mother was mad with me as | did not tell her
before | bought the phone. She also thought the
phone was too expensive, and wanted me to
return it to the shop. ...

PrO.dLlCt >
m reviews

opinion pairs

Mining feature-
from reviews

P
Feature |:touch screen

I

- ©or @2

»‘ Feature 2: voice quality
L @ ®?

I
| Feature 3: battery life
I

Qor®?

Y

Modeling

reviewers' feature
preferences

O—

N\
~

reviewer-level Stated feature cluster-level (2)
preferences preferences preferences
| |
Computing the I L Finding the cluster of
user-reviewer preference reviewers similar to the
similarity - current buyer
btier (3)
Generating
——» recommendations to the @————
current buyer
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Application of recommender systems

in healthcare area
e Patient-driven health social network

> a website where consumers may be able to

find health resources at a number of different
Ievels Clinical trials access

Quantified self-tracking

Physician Q&A

Emotional support and information sharing

o the potential to find others in similar health
situations and share information about
conditions, symptoms and treatments

Swan, M. Emerging patient-driven health care models: an examination of health social

networks, consumer personalized medicine and quantified self-tracking. International Journal
of Environmental Research and Public Health 6(2), 492-525, 2009.



A commercial health social network with | 15,000 users

patientslikeme-

“Share your

Patients Treatments Symptoms Research

Find Patients

Just Like Youo ;

Do you have a life-changing condition?
Learn from the real-world experiences
of other patients like you.

Join Now! (it’s free!)

Prevalent Diseases
ALS / MND

Anxiety

Bipolar

Depression
Fibromyalgia
HIV/AIDS

MS (Multiple Sclerosis)

OCD (Obsessive-Compulsive Disorder)

"I don't think all the money in the world could replace what I've
learned here.”

See how PatlentsleeMe can help you take control of your health:

—. F . @ A i — |
K.: »> N /N\{’:
- L —

Share your health profile ' »  Find patients like you (» Learn from others »

Answer simple questions to create a Search by gender, age, Learn from real-world
shared health profile to see how treatments, symptoms, and time treatment and symptom
you're doing over time. since diagnosis to easily connect reports, forum discussions,

with natiante lika van haalth nrafilac Ana-nn-nna

e Main functionality:

o Collaborative filtering to identify potentially related conditions patients
and match patients in similar situations

Quantified self-tracking
o Clinical trials access

experiences with
treatments.

Find patients just
like you.

Learn from
others who
know”



A reliable doctor recommender system

Patients can rate physicians based on their satisfaction, affording the patients

more fine-grained control over how to choose the physician who best suits their
needs.
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Patients contribute secured (e.g.,
encrypted) ratings, and the computation
of all recommendations is performed
over secured data

Patients use a system for anonymous
routing to submit her contribution to the
entity that receives all patient ratings and
publishes information about them

Hoens, T. Ryan, Marina Blanton, and Nitesh V. Chawla. Reliable medical recommendation

systems with patient privacy. In Proceedings of the st ACM International Health Informatics
Symposium, 173-182, ACM, 2010.



Personalized health education

1
1
Educational
Resource |

I 1
User Model |

Algorithm T

Personalized
Resource

Table 1. Challenges and opportunities inmmm.s

CTHES

RS

RS for Health Education

Grounded on
medical expert
knowledge for a
specific health

the human experts: it
makes it difficult to
increase number of
USers Or resources.

Collaborative-based: based on the
ratings of similar users

(-) need of critical mass of users

(-) lack of knowledge about new items

(+) results don’t depend on other users
(-) need of information about the items
and previous user ratings

(-) super specialization of the
recommendations

problem. and new users
Content-based: based on the user’s The RS algorithms could leam from
High dependency on | previous ratings of similar items the previous interactions with the

\

RS approaches could be used to
gather aspects, which are not taken
into account by CTHES approaches
(such as personal preferences).

system.

RS could be used to incorporate
additional resources from the
Internet.

N

~/

e CTHES: Computer-Tailoring Health Education Systems

e RS:Recommender Systems

Fernandez-Luque, Luis, Randi Karlsen, and Lars K.Vognild. Challenges and opportunities of using
recommender systems for personalized health education. Stud. Health Technol. Inform. 150,

903-907,2009.



A proposed health

User data recommender
system (HRS)

Health
Information
Artifacts

In PHR-DB

Preprocessing
relevance on the

The Free Encyclopedia 2 HRs [ interacting With a

: : personal
1 1
: ; health record

i o : IO (PHR) system to

i Linguistic e IR IS obtain individual

| :

|

: ' basis of a health
r’ | Medical Terms | Q' graph
. A \ A PHRS
~ 'Relevance Processing'
based on Health Graph ' 2
(conceptual scoring) s

Q: PHR user data in (semi-structured) text form

Q" Set of query terms indicating user specific facts

R: Set of possibly recommended health information artifacts
r;. Set of terms representing preprocessed elements in r'

S: Set of selected recommendations for a certain query Q

Wiesner, Martin, and Daniel Pfeifer. Adapting recommender systems to the requirements of
personal health record systems. In Proceedings of the st ACM International Health Informatics
Symposium, 410-414, ACM, 2010.



Nursing care plan recommender system

e Patient care phenomena are so complex that it is difficult for many nurses to
create effective comprehensive care plans for their patients

e Nursing care plan system:

> To provide clinical decision support, nursing education, clinical quality control

> To interactively provide a ranking list of the suggested items in order to maximize efficiency
and care quality in a hospital setting

Table 1. A sample ranking list.

Previous selection: You have selected 28 (health maintenance), 12 (pain acute).

Ranking list Ranking Code Description Value
1 52 Knowledge deficit 0.91
2 37 Risk for infection 0.66
3 39 High risk for injury 0.33
4 68 Physical mobility alteration 0.19
5 05 Anxiety 0.17
6 78 Skin integrity, impaired 0.16
7 67 Self-care deficit, bathing/hygiene 0.10
8 79 Skin integrity, risk for impaired 0.05

* Properties of clinical recommender systems

> To recommend all the required items to nurses

o There is rating system because a patient’s requirement for a particular item is based on
objective means and not on subjective desires

Duan, L.,W. N. Street, and E. Xu. Healthcare information systems: data mining methods in
the creation of a clinical recommender system. Enterprise Information Systems 5 (2),

169-181,201 1.
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Taking advantage of
additional health
resources from social gu .

netwo rk Educational |

Resource

1

Tags l
Patients’ reviews to a u User Model

° ° - . —
doctors/medicines -~ @ =~

Social relationships 7

Interaction
behavior

Our background

9 4. Carl Bricca, DO GGG 20revews
Category: Doctors 1 Shrader St
Neighborhood: Western Addition/NOPA San Francisco, CA 94117

(415) 752-0100

FINALLY, | found a doc who listens! Doctors are typically ONE of two things: 1) thorough, intuitive and
excellent clinicians, or 2) personable, friendly and compassionate... RARELY do you find

9 5. Jade Schechter, MD DO 2z reviews
Categories: Acupuncture, Family Practice 110 Sutter St, 6th FI
San Francisco, CA 94104
(415) 578-3107

Been a patient of hers for two years. Outstanding doctor. Has gone out of her way on several
~1 occasions to help me through some rough times. Caring, professional, smart, thorough, determined

Algorithm

™

Personalized
Resource
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