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Motivation

= Rapid proliferation of on-line digital information

— New information customization techniques are
needed to assist people

= Limitations of existing information filtering
techniques

— Inability to satisfy the user
— E.g., Content-based filtering and Social filtering

= Challenging issues in clustering techniques

— ldentify conceptsin a knowledge base

— Construct internal representations for partitioning
the diver se concepts into appropriate categories



Content-Based Filtering

= Keyword-based document/information retrieval systems

— Draw on vector space model
— E.g., Web search engines
= Shortfalls
— Information units cannot be fully featured by key terms
E.g., image, audio, video, art, or physical items
— Items cannot befiltered on quality, style, or point-of-view

— Not suitable for serendipitous search
Require the user to know what they like exactly



Vector Space Model

Document vectors

Term1l Term?2 .. Term m
Doc 1 X11 X12 - X1m
Doc 2 X21 X2 .. Xom
[bC n an Xn2 Xnm

User requests and document contents are
represented by term vectors

— Cédl x; i1stheweight of term | assigned to vector |

TF- IDF (Term Frequency and Inverse Document
Frequency) weighting method

Cosine similarity measure
— Calculatethe similarity btw any two vectors
— Group vectorsinto clusters



TF-IDF (Term Frequency and Inverse
Document Frequency) Method

A term weight is defined as

TE xXIDF
and |IDFi= Iogz(ij
DFi

\/Z TF?xIDF/

where

TF, = the number of times term or concept m appears
In information unit d (the term frequency)

DF, = the number of information units in the collection
which contain m (the document frequency)

IDF,= the inverse document frequency

n=the number of information units in the collection



Cosine Similarity Measure

= Term weights are used to compute the degree of
similarity between documents and the user query

—

o WX W

|d |X|Q| \/Z. 1W|, ><\/Z:I 1Wi,

sm(d,,Q) =

=Y

= The cosine of ¢ is adopted as Sim(d;,Q)



Social Filtering

= Recommend information by evaluations or opinion
of other users

— Based on similarities between the user interest (rating)
profiles by statistical analysis

= Shortfalls

— No predefined concept classes are used to describe or
simplify the meaning of the clusters

— No content analysisis used to represent the textual
features of an information unit



Hypothesis & Goal

= The accuracy of an information
recommendation system can be
significantly improved by employing user
temperament for filtering and
customization

= To characterize the information space by
taking human factors into consideration
and devise a new filtering mechanism to
provide a better information
recommendation service



Human Temperament

A predominant factor in the patterns of human
behaviors and preferences

— Psychologists
An innate property of the brain
— Neuroscience resear ch

Relevance to the public taste
— Some of the studies
In perceiving or interpreting the information in general

— “Men of each psychological typetend to admiretheart
produced by artists of the sametype’ [Evans 1939]

Strong potential for an effective information filtering
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Research Approach

= New filtering mechanism

— Temperament-based
— Intelligent multiagent collabor ative system

— Address segmentation, learning, classification, and
filtering techniques

— Heuristic selection rules

= Basic theories

— Keirsey'stemperament theory

— Probability theory
Distributions of temperaments

— Statistical reasoning
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Temperament Theory

= Temperament and Psychological Type

— Represent two systems of classifying personalities, which
later conver ged

= Hippocrates first named four temperaments
— Choleric, phlegmatic, melancholic, and sanguine

= David Keirsey derived new theory

— Hippocrates four temperaments are miseading
— Correlated into the Myers-Briggs Type system

— Classified the sixteen personality typesinto four
temperamentsas SJ, SP, NT, and NF
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Psychological Type Theory

= Carl Jung asserted people are fundamentally different
— Classified into “ psychological types’
— Characterized by four pairsof opposite preferences
Within each pair, a person leans toward one or the other

. Sensing
Introvert Perceiving—
™ — I iNtuition
Behavior
Extravert il I — Thinking

Judging — Feding

= Katherine Briggs & Isabel Myers adopted Jung’s theory

— Designed the Myers-Briggs Type Indicator (MBTI)

— A typeisrepresented by a four-letter code of personal
preferences (eg., ESTJ)
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Temperament-Segmented Feature of the
Real-World Information Space

Sets of
Information Units
People Liked by
Categorized by Temperament- Temperament-
: Temperaments Categorized People Segmented
Information Information

Space

Space

7 I / Dy,
Information @ Set O
Units Preferences Intersection O

» »
Ll Ll

©e ©e

. - Segmentation Function
-~ Yo,
Temper ament ( %) MBTI ( %) taT, (T -Ty)
SJ ESTJ ESFJ I STJ | SFJ
46. 7 9.9 9.6 15. 6 11.5 —
SP ESTP ESFP | STP | SFP Sl DSJ fl DSP a DNT l DNF
21. 4 4.8 5.7 6.4 4.5 _
NT ENTJ ENTP I NTJ I NTP S = Dy, N Dy N Dy = Dy
16. 1 2.8 4.7 3.5 5.2 .
NF ENFJ ENFP | NFJ | NFP .
15.8 2.5 6.3 2.6 4.3 S.=D
6° o
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Segmentation Function

The segment of an information space may be defined

asS
S, = () D,- > D,

toT, to(T -T,)

where

n ={1,2, ...,16} ={1, 2, ..., 2™

T ={SJ, SP,NT, NF}, |T|=sizeof T

T, ={t|tisatemperament value in segment S}

D: = the set of information units evaluated as “like’ by users
with temperament t

and

D; = the set of information units evaluated as “like” by users
with temperament t’
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Sample Segments & the Relevant Temperaments

81: :)SJ N :)SP N :)NT N DNF le{SJ,SD’ NT,NF}
S, =Dg N Dy N Dy =Dy T, ={SJ,SP,NT}
%::)S]n :)SPn:)NF_DNT TSZ{SLSD,NF}

814 =Dyt =Dg =Dg =Dy T, =INT}
S5 =Dy =Dg; =Dg =Dy Tis ={NF}
516::)¢ Te=@

where

D¢ = the set of information units not evaluated as“like’ by
any user
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Architecture of the Temperament-Based
Information Filtering Model

Temperament
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Learning Process

Training Data Evaluation Analysis Agent Learning Agent
. |
Training ! _
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Segmentation Criteria

= Segmentation function S, =(]D,- > D,

tOT, t'O(T-T,)
= Eliminate the biased data or false alarm

— An information unit islearned to bein one of the
segments except S, only when sufficient evidences
have been observed to pass a preset threshold

Otherwise, the item isretained in S,

= Systematic search

— Segments are sorted in descending order of their
accumulated probability of temperaments, t;P(t)

— A segment with a lower index will contain information
units having a higher accumulated probability or
popularity
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Segments of a Temperament-Based Sample

Information Space

« Popularity
Threshold

- Precondition
toform the
segments

P( likeg | t)

> 6

Sn:ﬂDt_

toT,

- Segmentation Function

> D,

toO(T -T,)

SS=Dyg nDgnDy n Dy
S,=Dgyg nDg n Dy
S;=Dgyg Nn Dy n Dy

36:D¢7

Suppose = 0.1, then we have (d1, S3)

P(like,,|SJ)=(19/(19+1))=0.95 P(like,,|NT)=(1/(1+15))=0.06
P(like,|SP)=(10/(10+2))=0.83 P(like,|NF)=(18/(18+2))=0.9

~ Dy
_DNT

Information | Segment # SJ SP NT NF
Unit Yes| No | Yes| No | Yes| No | Yes| No
di S3 9] 1 10| 2 1 |15 ) 18| 2
d3 S16 0O | 20| O 5 0 5 0 | 10
dé S1 50| 0 |30 0 |10| O [10] O

(Scale of # of User Responses. 100)

L egend:

| nfor mation Space

DSJ ........ DSP — oo— .
DNT ............... DNF — — —
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Temperament Weight

= Purpose

— To quantify and estimate the relative influence of various
temperaments on the popularity measure of an
Infor mation unit

= Basic ideas
— An Information unit with a higher prior probability
Indicatesthelikelihood of alarger interested population

— A segment consisting mor e temper ament types exhibits
mor e human diversitiesin the interested population

E.g., segments have information units with the same prior
probability

= May have heavier weight
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Estimate Temperament Weight

For an information unit d, in segment §,

w, =11l P(like ;) = T, 'Z P(like,, [t)P(t)
T | tDT

J

where

T, ={t]|t isatemperament valuein segment S }

T ={SJ,SP,NT,NF}, [T |=szeof T, |T|=sizeof T

P(like;) = the prior probability that an information unit d; in
segment S, isevaluated as“like”

P(like;|t) = the conditional probability that an information unit d
In segment S, isevaluated “like”, given user
temperament t

P(t) = the percentage distribution of temperament t
and > P(t) =1 (temperaments are mutually exclusive)
taT,
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Estimate Temperament Weights of
Information Units - Anh Example

Weighting Function w, = ||-I'I-P ||ZP(”kQﬂ |t)P(t)
T,

W =(3/4) (19/ 20*0. 46/+10/ 12*0. 214+18/ 20*0. 158) =0. 5731

W, =(1/4) (10/20*0. 161) =0. 0201

W, =0

W, =(2/4) (10/ 10*0. 46/+40/ 40*0. 161) =0. 314

W, =(4/4) (10/ 10*0. 46/+20/ 30*0. 214+10/ 20*0. 161+10/ 20*0. 158) =0. 7692

W, =(4/ 4) (50/ 50*0. 467+30/ 30*0. 214+10/ 10*0. 161+10/ 10*0. 158) =1

Information # of User SJ SP NT NF

Unit Responses | Yes | No | Yes| No | Yes| No | Yes | No
di 62 19 1 10 2 0 10 18 2
d2 45 0 5 0 10 10 | 10 0 10
d3 40 0 20 0 5 0 5 0 10
d4 90 10 0 0 20 | 40 0 0 20
d5 80 10 0 20 | 10 10 | 10 10 | 10
dé 100 50 0 30 0 10 0 10 0

Statistical Results (Scale of # of User Responses: 100)
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Centroid Temperament Weight

= An estimate of the popularity within the user
population for a cluster in a segment

= The centroid vector is defined as the mathematical
average of the information unit vectors in the
cluster

* The centroid temperament weight is defined as
: Zm:
j
m 5=
where

m =size of cluster ¢

w; = the temperament weight of an information unit d; in
cluster ¢
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Classification Process

Learning Agent

Temperament-
Segmented
Information Space

Updated Temperament-
Segmented
Information Space

Classification Agent

' :
: i
' :
| : .
: @) | : !
! & \  Segments : | Classifier ' Output
: ! | | Algorithm [
: 1 1 7y :
: : : Strategies !
1 1 : 1
: ] | Popularity Heuristic :
: Temperament- 1 Similarity Function : Updated List of
i Welght_ed | Sy : Measure | Centroids
! Centroids | Temperament 1 Classification Mechani :
| ' Weight | assification Mechanism !
: : ____________________________
e e oo e Popularity Similarity Measure
Information Repository PopSm (VC,Vk) =e, + S'm(VC,Vk) = e, + Cos (Vc’Vk)
The Web DB - - . .
e information | '« Classification Function

Bl

(Starget’Ctarget) = arg max POpS'm(VC,Vk)

s0S,c0C,

= The location of a new information unit can be
adapted by observing user feedback for that unit
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Temperament-Based Classification

= Assumption
— A widely liked set of infor mation units by a particular
group of people
— A new information unit having content features similar
to that set of information units
= The new information unit is probably liked by that
group of people
= Basic idea

— A higher centroid temperament weight indicates that
theinformation unitsin that cluster have a greater
popularity among the user population

= Centroid temperament weight isan important factor for
popularity measure
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Popularity Similarity Measure

Estimate the level of importance of both popularity
and similarity

Definition

PopSm(V_V,) =e. +3Sm(V,V,)
where
V. =the centroid vector of atemperament-classified cluster

V, = atarget vector (new information unit or user query)
e. =thetemperament weight of V,

am(V,,V,) =thetraditional cosine ssmilarity measure

ALY
M\XM
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The Classifier

Classification function
(aarget ) Ctarget) = arg max POpSmNC’Vk)

s0S,c0C,
where

S ={s|sisasegment of atemperament-based infor mation space}
C.={c|cisacluster of ssgment s}

V. =thecentroid vector of atemperament-classified cluster
V, = anew information unit vector

PopSm(V,, V,) = the popularity similarity of V_and V,

* The location of the new information unit can be
adapted by observing user feedback for that unit
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Filterin

g Process

Filtering Module

Filtering M echanism

Constraint Satisfaction
Popularity Similarity

Infor mation
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1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
User Profile : Heuristic Selection :
Adaptation X Statistical Reasoning '
1 1
Monitor Agent ' _ '
Temperament ! ! Strategies !
Request Request Record Temperament Eilteri :
. ; > iltering |« ;
| nterception Key Terms | KeyTerms Algorithm |
2 History ! !
1 1
Requet o TTTmmmmmmmmoITTTTTTTTTTTT
(User Temperament
and/or

Interest Key Terms)

’ [ |
ﬁ Recommended I nfor mation Units

Temperament-
Segmented
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Temperament-Based Filtering

= Assumption

— A widely liked set of information units by a particular
temperament type of people

— A user having that temperament type

= Theuser would probably like the infor mation unitsin
that set
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Heuristics in Filtering Process

User with unknown temperament and interest
— Return theitemsin segment S;

User temperament constraint
— Search only the partial space

User interest (key terms, V,) constraint

— Select items from the optimal target (segment,
cluster)

User temperament and interest constraint

— Search only the partial space and select items from
the optimal target (segment, cluster)

Search only the upper (higher popularity) quartile
segments in the information space at quick search
mode
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Relevance Feedback Process

Monitor Agent

Feedback

Temperament,
Key Terms

Feedback

User Profile
Adaptation

Temperament
Record

Key Terms
History

A

Inter ception

A

Feedback

Feedback
Algorithm

M odified
Key Terms

Temperament

A

Relevance
Feedback
Method

M odified
Key Terms

Formula

Filtering
Module

Temperament-
Segmented
Infor mation Space

Infor mation
Units

Refined Infor mation Units

A
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Relevance Feedback

= Basic idea - Move toward “like”
— Negativerelevant feedback can be omitted [Aalbersberg 1992]

= Adopt and modify Ide Dec-Hi Method
— Very efficient [salton 1990]

= The modified interest (term keys) vector is defined as

Vk+1 :Vk + Zvrk@
VXODX
where

V, =theoriginal interest (term keys) vector

D X = the set of relevant information unitsretrieved for interest
vector

V¥ = arelevant information unit in DX
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Experimental Testing

= Prototype System

To evaluate the proposed temper ament-based filtering
approach in comparison with content-based filtering method

= Performance Metrics

An experimental user-studiestesting procedure was
conducted to demonstrate the improved effectiveness, by
utilizing a combination of ssimulation and user-studiestesting

= Performance Evaluation
The prototype infor mation recommendation system was
applied to and demonstrated in three application domains

— A document collection
—An art image collection
— Representation styles

36



Architecture of the Temperament-Based
Information Filtering Prototype System

Learning Phase : Inference Phase

The Web |
o |
Temperament| ||| .. @) !
Sorter

— Classified

Web Pages Information Temperament-Based ! Information

___________________________ Units k(eam Segments E .(Classification Units Filtering
Data Set \\AQEM Temperament- ! \Agent Agent
A A

Weighted Centroids !

Training Data Set

Test Data Set - -
Information Units

Temperament, Interests

Request,
Feedback v Temperament,
Interests Recommended
— 3| user T User Information Units
<«——|Interfaces "l . IF T "l simulation A
Reply :
Sample Sample Simulated

Users User Profiles User Profiles



Experimental Evaluation Measures

Percentage Accuracy

— Thefraction of positive user feedback in thetop n
items recommended by the system

Normalized Distance-based Performance Measure

— Distance between the user'sranking and the system's
ranking of the same set of documents

— Normalized to be between 0 and 1

Precision and Recall

— Precision isthe proportion of retrieved material that is
relevant

— Recall isthe proportion of relevant material retrieved
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Precision and Recall

= Precision is the fraction of the retrieved docs |A|
which is revelant |Ra|

=« Recall is the fraction of the relevant docs |R|
which has been retrieved |Ral

Relevant Docs

. . ‘ Ra‘ n A,r;:::lxer Set Collection
Precisson =+—
A }(\

/ \
H/v(\—\\
¥
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Experimental Evaluation Methodology

Training data set and User ratings

«— Test examples—>|-7 Training examples——
di |  [d100 [d101 [d102 |  [d1999 [ d2000
User 1 |.. | .. e e : ¥
User 2 | .. | | . e
User n - .

= The training data set will be split into 20 sessions

— Onesession will be used asthetest examples and the remaining
19 sessions as the training examples

— Each session will be used asthe test examplesin one of the 20
experiments

— Theresults of these 20 experiments will be averaged

= The same training data set is used to evaluate the other
filtering methods



A Document Collection of 2,000 Web Pages

Experiment #1
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Fixing a Popularity Threshold for Segmentation
iIn Temperament-Based Filtering

= Examine popularity threshold 6 = 0.05 to 0.55

— Accuracy of Recommendation (20 tests)
— Userswith unknown temperament and interest

= Accuracy is stable ) —+—Topters
. —&— Top 2items
— Top 4 itemsrecommended Ll

= Base threshold 6=0.1

— Excludeinitial bias effect
— Moderatesize of a
segment

5
l
!
\
|
/
]
|
!
|

Accuracy (%)
<
(

S

« Popularity Threshold

P(likeg | t) 0 o1 02 o3 or 05
> 0 Popularity Threshold



Fixing a Cosine Similarity Threshold
for Clustering

= |[nformation units are grouped into clusters

— Cosine similarity measure > somethreshold A
— Reducethe size of comparisons
— Facilitate search
= About 10 units per cluster in content-based filtering
— A=0.07,0.15, and 0.04 for experiments#1, #2, and #3,
respectively
— Same A for temperament-based filtering

— No A valuefor experiment #4 on Representation styles
Content-based filtering is not applicable
Exploit segmentsonly



Experiment #1 - Cases (a) & (b)

= Accuracy of Recommendation (2000 documents, 20 tests)
(a) Userswith unknown temperament and interest
(b) Given the user temperament

-—@-— Temperament-based filtering for SJs
=— Temperament-based filtering -—@®— Temperament-based filtering for SPs

o Temperament-based filtering for NTs
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Experiment #1 - Cases (c) & (d)

= Accuracy of Recommendation (2000 documents, 20 tests)
(c) Given the user interest key terms

(d) Given the user temperament and the user interest key terms

—&— Temperament-based filtering for SJs
#— Temperament-based filtering —®— Temperament-based filtering for SPs
~— Content-based filterin Temperament-based filtering for NTs
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Experiment #2
An Art Image Collection of 2,000 Pictures

= http://www.usc.edu/dept/cs/tfiltering/artworld




Experiment #2 - Cases (a) & (b)

= Accuracy of Recommendation (2000 art images, 20 tests)

(a) Userswith unknown temperament and interest

(b) Given the user temperament

Accuracy (%)
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Experiment #2 - Cases (c) & (d)

= Accuracy of Recommendation (2000 art images, 20 tests)
(c) Given the user interest key terms

(d) Given the user temperament and the user interest key terms

—— —&— Temperament-based filtering for SJs
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Experiment #3

An Art Image Collection of 100 Pictures

: http //WWW usc. edu/dept/cs/tflIterlng/artcenter

- I = Tha - . ',-.---_-.-.L_' L =ty [ '-1.1.“' ]"1 I'I1.EI .-.LE-I.-!]
[ Bl Bit Yiw Forortes Took Heb | = |
| #=Beck » = ~ QP A 4| DEearch FFweontes (JHntory | The W
| Address |81 bupafarsuppomed. nsc sdul-chabealogi-bindcemer -bindgallary.cgi | o

Your Art Gallery, Test

C-13F Hercules
Bailey, Kobert
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i

The Mehon Hunt
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Hamer, Winskiw

s,
SunOut | Seach | T

Bl Daee
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N
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?

Eepatla At Arpertieanl, 1874
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e Tetemet
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Experiment #3 - Cases (a) & (b)

= Accuracy of Recommendation (100 art images, 4 tests)
(a) Userswith unknown temperament and interest
(b) Given the user temperament

—@-— Temperament-based filtering for SJs
a— Temperament-based filtering —@— Temperament-based filtering for SPs

~— Content-based filterin Temperament-based filtering for NTs
9 —np— Temperament-based filtering for NFs
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Experiment #3 - Cases (c) & (d)

= Accuracy of Recommendation (100 art images, 4 tests)

(c) Given the user interest key terms

(d) Given the user temperament and the user interest key terms

Accuracy (%)

95 -
90
85
80
754
70
65
60
55
50
45
40
354
30
25
20

154

—@-— Temperament-based filtering
=== Content-based filtering

Top n items recommended

Accuracy (%)

954
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—&— Temperament-based filtering for SJs

—@— Temperament-based filtering for SPs
Temperament-based filtering for NTs

—¥— Temperament-based filtering for NFs
Content-based filtering

~
N7

Y

2 4 6 8 10
Top n items recommended

(©

(d)
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Experiment #4
Representation Styles

: http //www usc. edu/dept/cs/tfllterlng/football
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Experiment #4
Assumption & Representation

= Assumption

— Information units arerandomly labeled with
duplicated serial numberd/letters

— No additional annotations are provided
— Search by the key termsis not meaningful
—=Content-based filtering is not applicable

= Representation

— Theinformation space could be static or dynamic

— Two semantic levels of representation
Abstract: Carson Palmer is astudent at USC
Detailed: Carson Palmer's profile as a football player
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Representation Styles - Abstract Level

Carson Palmer

* Carson Palmer is a student at the University
of Southern California.

USC Students

Sultan Abdul-Malilk

Shamsud-Din Ahdul-Shaheed

Marcell Allmond

Fevin Arhet

Cusc

Doval Butler

Sunny EBvrd

Chris Cash

Matt Cazsel

Student

Aaron Graham

Alex Holmes

Chahwa Tin

Zeke Moreno

Brennan Ochs

Carsonh Palwmer

Kris Richard

Markus Steele

Zach Wilson

= Clockwise

— Graph
l — Text
— Concept object
data model

‘ — Relational
Carson Palmer database mOdel



Representation Styles - Detail Level

* USC sophomore quarterback Carson Palmer was
born on 12/27/79. The 6-foot-5, 220-pound
Palmer with 1V experience comes from Laguna

3 Carson Palmer Niguna after graduated from Santa Margarita

* Class * Haigha J Wsight

F
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UsC

!
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USC Foothall Roster s
Mame Faz figi | Wei | Birhday | €1 [Exp | Hometows High %rhaal Wr* s 3 .
Sl b A leilial OE 6-3 240 | RAETT 2 |3V | Amadia Aiwdia 4
Sham pad Abdul | DE-DT | &-4 130 | 10277 | B | 3% Lra Angelea ¥egbinm O
Magaell Alimond | WE 61 |190 JMAEML | So |1V | Aniksinm 51 Pl

BovinArbat 308 | 501 J 175 130481 | Ba {1V | Stockion | StMays =~
Citpal Bufll e TE 8.3 14 1iE0 Ie | Ie Thiewih, hI Sabing Foothall
LA

Plaver

& 580 Oy akiam | LB f-1 112 I & 2% da | 1Y Baks mlieid Bakemiled
Cketd Hoaw azd TH 511 ] 180 1121 Fr | - Ligi Aogeled Bataing

Sukn M areng |1 B | 6 ir & A0 | & (V¥ _l'_ﬂ'ima | Casile Park
[feaiie Dhaliis d -1 113 ST b L L i B ki b
Carsen Pulsier i L Sasti Margarlia
Firis Rachard |<H a-1l L0 (B L oLl LA | LCamn Sum

Il arboas Siesfe LE fal Jdl Tigdfte b 1% | Lomg Berad : bame|

Sk Wilaen 23-0T [ &-5 315 1001479 | Ba | 1§ | Bellawss Tl asdls
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Experiment #4.1

Static Information Space

= Accuracy of Recommendation (2000 simulated users, 20 tests)
(a) Userswith unknown temperament and interest

Accuracy (%)

—g— Temperament-based filtering - Abstract level
—@— Temperament-based filtering - Detail level
Content-based filtering

100

80—- '\- \o\'

\
" T ——
n
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o
|

=

20

- T z T z T z T z
1 2 3 4 5 6

Top n items recommended

@)
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Experiment #4.1
Static Information Space (cont.)

= Accuracy of Recommendation (2000 simulated users, 20 tests)
(b) Given the user temperament - Abstract level

(c) Given the user temperament - Detail level

Accuracy (%)

90
80 -
70
60-
50-
40
30-
20
10

-—@— Temperament-based filtering for SJs
—@— Temperament-based filtering for SPs

Temperament-based filtering for NTs
—np— Temperament-based filtering for NFs

Content-based filtering

AN

[ D

§,<;

2 4 6

Top n items recommended

Accuracy (%)

100
90
80
70
604
504
40
30
20

10

-—@— Temperament-based filtering for SJs
-—@— Temperament-based filtering for SPs

Temperament-based filtering for NTs
—x— Temperament-based filtering for NFs

Content-based filtering

.\_.\.

s —— ®

—

2 4 6

Top n items recommended

(b)

(©
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Experiment #4.2
Dynamic Information Space

= Accuracy of Recommendation (12 items/6 questions, 20 tests)
(a) Userswith unknown temperament and interest

—g— Temperament-based filtering - Abstract level
—== Temperament-based filtering - Detail level
Content-based filtering
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|
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- \I\
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Experiment #4.2
Dynamic Information Space (cont.)

= Accuracy of Recommendation (12 items/6 questions, 20 tests)
(b) Given the user temperament - Abstract level
(c) Given the user temperament - Detail level

-—@— Temperament-based filtering for SJs
—=— Temperament-based filtering for SJs —&— Temperament-based filtering for SPs
—e— Temperament-based filtering for SPs Temperament-based filtering for NTs
Temperament-based filtering for NTs —¥— Temperament-based filtering for NFs
—yp— Temperament-based filtering for NFs Content-based filtering
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Popularity Similarity Measures

= Level of importance of both popularity and similarity
— Possible equations
PopSm(V_V,) =e. +3m(V,V,)
and

Pops m (Vc ’Vk) - ecg m(vc ’Vk)

— Classification function

(aarget ? Ctarget) - arg max Popsm(\/c’vk)

. . SIS, cCq
= Examination

— Two possible equations and cosine similarity measure
— Three collections of experiments#1, #2, and #3

— Four user conditions
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Comparison of Popularity Similarity Measures

2,000 Documents - Cases (a) & (b)

Top Accuracy of Recommendation, %
@
Accuracy Of nitems e+ Sm(Ve, Vi) eSim(Ve, Vi) Sim(Ve, Vi)
' 1 41 39 37
Recommendation > % - o
(20 tests) y 2 - 5
4 34 30 24
5 33 28 25
. 6 32 26 22
(a) Users with unknown 7 31 2 2
. 8 31 22 26
temperament and interest. 9 30 20 23
10 30 19 19
: a
(b) Given the user &
am am Top Accuracy of Recommendation, %
t per ent. n e+ Sim(Ve, Vi) e Sim(Ve, Vi) Sim(Ve, Vi)
items SJ] SP NT NF S SP NT NF S] SP NT NF
1 34 52 42 44 34 52 42 39 33 52 45 36
2 29 4 41 44 30 4 40 40 29 45 42 40
3 27 42 40 41 28 42 39 38 27 42 42 35
4 27 43 41 36 26 43 40 36 26 42 41 3#HA
5 26 42 40 35 26 41 40 33 25 40 41 32
6 26 40 39 33 25 40 39 31 25 39 40 29
7 25 40 38 31 24 39 40 28 24 37 39 28
8 25 39 39 28 24 39 39 28 24 36 39 29
9 25 39 39 26 24 38 38 28 23 35 37 29
10 25 39 39 24 23 37 38 27 22 34 36 29

(b)



Comparison of Popularity Similarity Measures

2,000 Documents - Cases (c) & (d)

Top Accuracy of Recommendation, %
[ |
Accuracy of nitems ETSMVo,Ve) e SMVe,V)  SmVaLVe
- 1 54 35 47
Recommendation > p 5 A
( S) 4 37 30 39
5 33 27 32
: 6 32 23 26
(c) Given the user 7 20 23 22
: 8 27 19 20
Interest key terms. 9 26 18 17
10 25 16 16
: (©
(d) Given the user
em am Top Accuracy of Recommendation, %
t per ent and the n e+ Sim(Vc, Vi) e Sim(Vc, Vi) Sim(Vc, Vi)
Ser i items SJ SP NT NF SJ] SP NT NF SJ SP NT NF
u Interest key terms. 1 48 53 56 55 41 43 54 45 43 45 46 46
2 42 45 55 36 34 43 52 33 40 47 43 29
3 39 41 51 32 30 39 49 26 46 49 52 24
4 3 38 52 24 29 37 47 23 36 37 39 19
5 34 34 39 15 29 34 4 20 29 29 31 15
6 32 32 28 10 25 30 42 18 24 25 26 13
7 30 28 24 9 24 30 40 17 21 21 22 11
8 28 26 21 8 19 24 32 16 18 18 20 10
9 27 24 19 7 17 19 26 14 16 16 17 8
10 25 24 17 6 16 17 24 13 14 15 16 8

(d)



Comparison of Popularity Similarity Measures

2,000 Art Images - Cases (a) & (b)

= Accuracy of n ites BT STV STV vy

Recommendation
(20 tests)

(a) Users with unknown
temperament and interest.

Accuracy of Recommendation, %
Si m(Vc , Vk)

1 40 29 21
2 37 25 18
3 35 23 12
4 34 20 12
5 33 17 9
6 32 16 8
7 31 14 4
8 30 13 6
9 30 13 5
10 29 13 5

(b) Given the user

(@)

Top Accuracy of Recommendation, %
temperament n e:+ Sim(Ve, Vi) e:Sim(Ve, Vi) Sim(Ve, Vi)

items SJ SP NT NF S] SP NT NF S] SP NT NF
1 33 48 32 56 31 52 24 43 29 49 21 31
2 31 46 32 49 31 45 27 34 25 42 21 26
3 30 41 34 44 29 39 28 29 23 31 25 21
4 29 39 3K 38 27 38 25 27 21 35 24 20
5 29 40 32 37 25 37 24 24 20 3 25 19
6 28 39 33 3H 23 38 22 22 18 34 28 16
7 27 38 33 32 22 37 20 20 19 33 27 15
8 27 38 33 30 21 36 19 19 18 33 26 15
9 26 37 32 29 19 3 18 18 21 32 27 15
10 26 3B 32 28 18 33 15 18 16 29 16 13

(b)



Comparison of Popularity Similarity Measures

2,000 Art Images - Cases (c) & (d)

= Accuracy of P

Recommendation
(20 tests)

(c) Given the user
Interest key terms.

Accuracy of Recommendation, %
nitems e+ 3Sm(\Ve, Vi) eSm(Ve, Vi) Sim(Ve, Vi)
1 38 37 36
2 31 34 30
3 25 30 25
4 21 27 22
5 19 24 19
6 18 23 17
7 17 21 16
8 16 20 15
9 16 18 15
10 14 17 14

(d) Given the user

(©)

Accuracy of Recommendation, %

temperament and the Top

n e:+ Sim(Ve, Vi) e:Sim(Ve, Vi) Sim(Vc, Vi)
I items SJ SP NT NF S] SP NT NF S] SP NT NF
USEr | ntereSt key ter ms. 1 33 34 3H 21 30 46 27 30 32 3 27 25
2 27 28 25 24 26 39 20 27 28 26 22 22
3 22 23 20 17 25 34 20 26 23 22 21 20
4 22 20 21 15 24 30 23 33 20 19 18 19
5 20 15 18 12 21 27 24 35 19 16 17 16
6 20 14 19 8 21 26 33 35 17 9 16 14
7 18 15 17 12 21 23 3B 38 16 8 16 14
8 19 14 15 12 20 21 31 36 16 6 21 11
9 20 13 13 12 19 20 28 40 7 1 19 9
10 15 13 13 11 15 17 14 18 15 1 13 8

(d)



Comparison of Popularity Similarity Measures
100 Art Images - Cases (a) & (b)

Top Accuracy of Recommendation, %
O
Accuracy Of nitems e+ 3Sm(\Ve, Vi) eSm(Vc, Vi) Sim(Ve, Vi)
. 1 60 0 0
Recommendation 5 o : :
3 46 0 0
(4 tests) x e 0 0
5 40 0 0
. 6 37 0 0
(a) Users with unknown 7 36 0 0
. 8 34 0 0
temper ament and Interest. 9 33 0 0
10 31 0 0
" (@
(b) Given the user
em am Top Accuracy of Recommendation, %
t per ent n e:+ Sim(Ve, Vi) e:Sim(Ve, Vi) Sim(Ve, Vi)
items SJ] SP NT NF SJ] SP NT NF SJ] SP NT NF
1 60 70 57 53 49 56 41 53 46 55 48 47
2 51 60 45 51 42 61 32 51 38 4 39 41
3 47 54 40 44 5 53 28 42 49 35 47 39
4 4 47 37 41 4 45 39 41 45 33 4 36
5 42 43 36 40 41 42 37 40 42 29 40 33
6 40 39 35 38 37 38 36 37 41 27 38 31
7 38 38 34 36 3 3 35 36 40 28 38 29
8 36 35 32 35 33 34 34 33 38 30 35 28
9 4 34 31 34 38 32 33 32 37 30 34 25
10 33 32 30 32 29 28 26 31 36 24 28 29

(b)



Comparison of Popularity Similarity Measurs
100 Art Images - Cases (c) & (d)

= Accuracy of
Recommendation
(4 tests)

(c) Given the user
Interest key terms.

(d) Given the user
temperament and the
user interest key terms.

Top Accuracy of Recommendation, %
nitems e+ 3Sm(\Ve, Vi) eSm(Ve, Vi) Sim(Vc, Vi)
1 90 65 54
2 84 57 45
3 81 47 38
4 74 45 31
5 68 38 25
6 73 37 21
7 66 32 18
8 58 28 15
9 52 25 13
10 43 22 14

(©)

Top Accuracy of Recommendation, %
n e:+ Sim(Ve, Vi) e: Sim(Ve, Vi) Sim(Vc, Vi)

items SJ SP NT NF S] SP NT NF S] SP NT NF
1 89 92 84 80 64 51 53 53 43 48 54 45
2 85 8 79 74 65 56 53 43 48 34 52 41
3 80 80 76 63 60 50 38 41 40 29 43 41
4 74 71 69 63 66 53 40 33 46 30 47 35
5 68 64 64 57 5 48 33 30 37 33 39 29
6 74 70 78 71 50 45 33 29 32 28 33 24
7 67 61 71 68 44 38 32 25 27 24 29 22
8 60 56 64 60 38 36 28 22 24 17 25 19
9 54 50 58 53 34 32 25 19 21 15 22 17
10 44 41 43 39 29 26 23 17 13 16 20 17

(d)



Hypothesis & Goal

= The accuracy of an information
recommendation system can be
significantly improved by employing user
temperament for filtering and
customization

= To characterize the information space by
taking human factors into consideration
and devise a new filtering mechanism to
provide a better information
recommendation service
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Anticipated Contributions

New general approach to customized information
selection

Incorporate human factors (temperament) into
the adaptive information recommendation
process

Analysis of the inherent interrelated patterns
between user temperaments and user interests

The accuracy of an information recommendation
system can be significantly improved

Basis for exploring other human factors
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Direct Research Extension

= Focus on temperament

— Other characteristics, human factors

— E.g., gender, age, education level, experience with
system, user demographics

= Multi-level scale of rating
— Not just like and didlike, but degrees

= Extend user-studies beyond coherent “adults
only” population
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