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Abstract

Building an interest model is the key to realize personalized text recommendation. Previous interest models neglect the
fact that a user may have multiple angles of interests. Different angles of interest provide different requests and criteria for
text recommendation. This paper proposes an interest model that consists of two kinds of angles: persistence and pattern,
which can be combined to form complex angles. The model uses a new method to represent the long-term interest and the
short-term interest, and distinguishes the interest on object and the interest on the link structure of objects. Experiments
with news-scale text data show that the interest on object and the interest on link structure have real requirements, and it is
effective to recommend texts according to the angles.
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1. Introduction

A key issue in personalized text recommendation is how to construct an appropriate user model to represent
and adapt to user interests and then recommend texts according to the model. So a user model is often con-
structed by using personal reading history.

The keyword-based methods are the most commonly used methods to represent user interests [12, 13, 14,
19]. Keywords are extracted from text or provided by users, e.g., in iGoogle. Keywords are often calculated
with weights [15], e.gtf-idf [16, 20, 31]. Relevant texts are recommended through the techniques on words’
weights, e.g. using cosine [16] or collaborative-filtering [3, 18, 21]. Keywords can also be organized into top-
ics to select the texts close to the interested topics [7, 8]. There are other kinds of keyword methods. Histo-
gram methods use histogram to analyze the statistics of keywords [20, 22]. The tag methods allow a user to
assign a text with personalized tags or well-designed evaluating indicators to indicate the user’s interest in the
text [23, 33], and then use collaborative filtering to analyze user evaluations [39].

The background knowledge methods incorporate concept hierarchies, ontology or encyclopedic knowledge
to analyze a user’s interests and help users express requirements [29, 34, 35, 36]. For example, Google News
gives structured categories and recommends texts based on the categories. The interested domains sometimes
are fixed and sometimes evolve with interests [28].

The network methods represent text as one or several networks where concepts or basic text units (e.g.,
words, concepts, sentences, paragraphs or texts) are considered as weighted nodes and edges between nodes
are established if some conditions are satisfied (e.g. co-occurring) [19, 24]. A node’s weight often represents
the degree of preference or significance.

A key limitation of the previous methods is that they essentially neglect the angle of user interests. A user
can have multiple angles of interests, and different angles correspond to different sets of interested texts.

Some angles of interests have been addressed in previous works. Some text recommendation systems clas-
sify angles in term of domains, e.g., Yahoo news. However, using background methods, a user may receive a
broad range of texts in the interested domains that they are not interested in [1]. Some systems incorporate
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long-term and short-term interests. The systemsusek to label words or concepts witlorig-terni or
“short-terni, or require users to provide some long-term/shemn interests for extracting features, or con-
sider stable interested domains as long-term ister@nd fast-changing interested domains as shont-in-
terests [9, 10, 31]. However, users sometimes nawé precise services than domain-oriented recordaien
tion and often request the system to discoverdahg-term/short-term interests automatically. Sogstesns
train long-term/short-term models based on theiligion of words [38]. However they do not considee
connections between keywords.

There are other angles that previous researchesrteglected, for example: (1) a user may be inteddan
the texts focusing on a specific object (a persgpace, etc.). If a user is interested in an dppaty text con-
cerning the object meets the user’s need no mattat event the objects are involved in. For exampleser
who is interested in US presideBtishis interested in the texts relatedBashno matter what event the text
describes, and (2) a user may be interested imkastructure of objects that contains not only otgdut also
the links between objects. Different link structucd the same set of objects may indicate diffeesents. For
example, given two reading historiesandh, of two userau; andu,, some texts describe the tax policy of
presidenBushand some describe the activitiesBafi Ladenin Sudanin h; while the texts irh, only describe
the 911 attack. Neither of the two partdirdirectly relate to 911-attacBushandBin Ladenare more close-
ly linked in hy rather than ifh;. The interests reflected by andh; separately match two link structures illus-
trated in Fig. 1, wher§&; is the partial link structure of the objects istbryh;, and$; is the partial link struc-
ture of the objects in histol.

Sudan tax
S 0.8 0.6 S:
Bin Ladel
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Fig. 1. Two partial link structures interested lyptusers, where a node denotes an object and andeshptes that the two objects are
linked to a certain degree.

Bin Ladel

The following is a short text related to 911-attdiakn CNN It meetsus’s interest andl,’s interest on ob-
ject because it shares a lot of objects \mitlndh,. But it does not meet’s interest on link structure because
its structure an&; do not have any intersection of links even thotigty have many common objects, and it
meetsu,’s interest on link structure because its strucaméS, have intersection.

WASHINGTON (CNN) -- Osanfan Laden is the prime suspect'in last Tuesday's terroatiicks in New
York and Washington and the United States wantapture him, PresiderBush said Monday.

Speaking with reporters after a Pentagon briefimgpans to call up reserve troopBush offered some of
his most blunt language to date when he was askerlwantedin Laden dead.

I'want justice,Bush said. And there's an old poster out West | redhlit said, "Wanted, Dead or Alive.™

(from http://edition.cnn.com/2001/US/09/17/bush.powetitésm/index.html?_s=PM:UB

When a user wants to read the texts that contaipeaial link structure, previous methods probably- r
ommend the texts that share a part of objects thighlink structure. In fact, objects are mutuahifluenced
through links. For example, if a user is intereste@George Bustand already read several texts about Iraq
war, then it is reasonable to presume that theiaseterested irsaddars activities in Iraq war as well. This
association influence should be considered inrterést model.

This paper proposes an angle-based interest matd) (vith two kinds of angles and the complex angles
combined by the angles for accurate text recomntenda

2. Related work

There are several relevant text recommendatiomiquhs that build various kinds of user models.
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The content-based recommendation methods can efi@cares from content and then recommend texts

with similar features. The vector space model regmés text as a vector and calculates the sinyilagtween
the vectors [20, 26, 31]. The components in a veate words or phrases and the weights of the coes
usually aretf-idf values. The topic model analyses the term didiohe (e.g.,PLSI andLDA) and obtains
embedded topics. There are some other content-lmastabds, e.g., Newsjunkie defines the information-

elty to recommend texts with new stories [4].

The collaborative filtering methods can provglersonalized service for a user based on the mm@baof
similar users. Some methods recommend texts basdHeorating of texts from other similar users 92,
Some methods predicate user behaviors probakilistibased on the user’s historical behaviors (elick
distribution) [6, 19, 32]. Collaborative filteringgorks well when the overlap between user behavforsla-
tively high and the interests are relatively stalfle it is widely used in item recommendation onpling

website, like Amazon. Some researchers design dhyhdthods to combine content-based recommendation

and collaborative filtering [17, 30].

The context-aware text recommendation considersdimext information [40], e.g., time or locatid®].[
Context information is usually attached to theliested concepts or interested topics. The conteatatext
recommendation enriches the information aroundésts.

The above techniques do not differentiate multgolgles of interests, especially the interest ok ditnuc-
ture. Another work similar to the angle-based iestis faceted navigation. Faceted navigation satgriexts
into pieces and organizes the pieces into fac&s43]. Each facet represents one aspect of tha@inpaf
content. The pieces in a facet may come from diffetexts. Text recommendation based on angleeistter
and faceted navigation both classifies contents. difference includes two aspects: (1) text recondagon
based on angle interest concerns user while fageteigation concerns text. (2) Faceted navigatim lelp
narrow user interest while browsing, but it does re@ommend the content of particular facets tdiqaar
user.

3. Interest model

Our interest model consists of the following angiémterest.

1. Pattern. Reading was regarded as a process of identifyfijgcts and mapping them into a semantic im-

age in mind [27]. One basic process of readirtg igentify objects first and then establish thekd between
the objects. This is in line with the following giomenon: a reader with a particular interestegsbime ob-
jects usually searching the objects in the textkjyiwithout comprehensive reading, and a readeallys
tends to read more closely if the reader is intetkg a link structure (e.g., a specific event).

@

e

Object. Object is the simplest pattern. An object maybegsgcal, e.g., a person, a place, or an abstract
object. An object is normally indicated by a noumoun phrase (no stop words) because they directly
reflect objects while other types of words rendgjeots. But not all nouns or noun phrases indicate
jects. In real application, a list of non-meanirigfauns can help select the nouns that represgattob
Wikipedia is useful to identify the names of obgaspecially when the name is a noun phrase. We do
not use WordNet because it is weak in identifyilogim phrase. In the following, a word represents an
object as well as meaningful noun (or noun phrégbgre is no special statement.

Link structure of objects. A link structure represents a kind of co-occuceenf a set of objects and the
links between objects. For example, if a readéntisrested in a link Churchill — Hitler”, then a text
that contains the common activities @hurchill andHitler in WWII meets the interest, and texts that
separatelyntroduce the activities d€hurchill andHitler in WWIdo not meet the interest. In searching,
a user inputs two keywordk; andk;, to request the pages matching struckdre- k.. If a user inputs
three keywordski, k. andks, then the input probably implies a structiire- ko — ks — ki.

2. Persistence. People’s interests can be divided into two kindsoading to the persistence: long-term inter-
est and short-term interest. The characteristidsragj-term and short-term interests are embodiegdaing
history. This paper considers a reading histora agquence of texts that have been confirmed djing
behaviors like clicking hyperlinks.

If a user is interested in a pattern for a peribtime, the user normally has two kinds of behawiior the
period: One is to read the texts related to theabjin the pattern, and the other is to be indlitweread the

texts

whose core meanings concern the pattern.c@manon characteristic of the short-term interest ¢he
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long-term interest is that they satisfy thecumulation assumption — the degree of interest on a pattern in-

creases with two factors: (1) the number of textstaining the pattern in reading history, (2) thak of the

pattern in each text. In spite of other factorghifecta and objecb have the same times of appearance in a

reading history, and has higher rank tham thena is more likely to be interested.

On the contrary, the words that appear in manystek& reading history are very likely to indic#te in-
terested pattern. There are three main kinds ofvtirels: (1) stop word, which is ignored in the pag2) the
words that indicate the interests, and (3) the wahdt are suitable in many situations becausheofeneral
meanings, e.g.,pgeoplé, “thing’. The third kind of words may disturb the discoyef the interests. Most
words of the third kind are not recognized as disjaccording to the list of non-meaningful nougmdring
the third kind of words does not influence discavgrinterest from reading history. One reason & the
number of the third kind of words is relatively dmanother key reason is that a user is normadby inter-
ested in a word of the third kind without beingeirgsted in the other words of the second kind.example,
if a user is interested in an airplane crush eveatause most news on the event contains the sestéke
“... people died ...”, thengeoplé appears many times in the reading history. Batélmust be other related
words that can indicate the interest, suchaagplang’, etc.

The key different characteristics of short-ternerast and long-term interest are the distributiminhe ap-
pearance of the interested pattern in readingryisto
(1) Short-term interest (Sl) indicates the inconstant and fast-changing inte8ss the short-term interests

are reflected by the patterns in the texts of receading history. The short-term interest satssfe
proximity distribution assumption — a pattern is very likely to be short-term inteeesif it appears in
a condense way in the recent texts of the readstgrly, and the more a pattern is close to theecuirr
time, the more representative the pattern is ferstort-term interest. A descending function isliadp
to describe the assumption.

(2) Long-term interest (LI) indicates the persistent interest that lasts faglatively long time. The long-
term interested patterns appear in a wide rangkeofeading history if the history lasts for a tiekly
long time. Every time a pattern appears in the irgatistory, it indicates that, in the time arouthe
appearance, the texts concerning the pattern meetser’s interest to a certain degree. So, ahssen
longer time being interested in a pattern if thégya appears in two separated texts comparedapith
pearing in two adjacent texts. Fixing the numbeteafs containing a pattern, the evener distrilyutive
pattern has in the reading history, the longer tingepattern is being interested. So the long-teter-
est satisfiesvide distribution assumption — the pattern that a person is long-term interesteid
widely distributed in the reading history. Considgrtwo patterns with the same times of appearances
the pattern that is evenly distributed in the whalege of the reading history should be greateg-lon
term interested than the pattern that is concesttrafithin a small range of the reading history.ig-d
tributing coefficient is designed to support thewamsption. The details of distributing coefficienea
presented in appendix B.

There are two other characteristics of the longitand the short-term interest: (1) One interest loan
long-term and short-term at the same time. For @kanif a person is long-term and short-term irdézd in
an object, the object should not only appear iemetexts of the reading history, but also be widksétribut-
ed in the whole range of the reading history. (8hd-term and short-term interests can be transfrimie
each other. A short-term interest transforms iotggtterm if it comes to the person’s mind from titogime,
and a long-term interest transforms into short-tiritris recalled and appeared in recent texts.

The above four kinds of interests can be combiméa flour basic angles of interest as follows: ghprt-
term object interest(2) long-term object interes(3) short-term link interestand (4)long-term link interest
Each basic angle establishes a criterion for datgtihe recommended texts.

Based on the four basic angles, one complex aragiebe described as a combination of the basic angle
For example, a user who adothsstin Bieberfor a long time wants to know some affairs he loe does not
know, a text meets the interest if (1) the textimesJustin Bieberthat is a long-term interested object, and
(2) the affairs are new for the system user, whigans the link structure dtistin Bieberand other objects is
neither short-term nor long-term interested. Is ttase, the user has a complex angle aiming aéxke that
match the new link structures containing the lomgrt interested objects. Meeting the complex anglaies
(1) meeting the long-term object interest, (2) mateting the short-term link interest, and (3) neketing the
long-term link interest. So the complex angle imbmed by the second, the third and the fourthdasgles.
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4. Extracting Interest model from Texts

4.1. Methods

Our idea is to extract the data structure that represents the interest from the texts in reading history through a
text scanning mechanism considering the following points:

1. Simulating human reading features to emerge interest

Link is a way to emerge interest in reading. On one hand, a link can increase the possibility of generating a
new interest from an existing interest. For example, if a user is interested in US president Bush and has read
some texts on Bush and Bin Laden, then the user is likely to be interested in Bin Laden as well. The text scan-
ning mechanism can simulate the association process in human reading process. On the other hand, people
generate impressions on the objects in text, and then knit the impressions together through association to un-
derstand the text [41]. Association can enhance the impressions of the linked objects. For example, if a user
has read some texts on Romeo and Juliet, the impression on Romeo will be enhanced when Juliet appears, and
vice versa.

The text scanning mechanism is introduced in appendix 4.

2. The data structure for calculating the angles of interest

We use a weighted graph to record and calculate interests, where the nodes indicate the objects and the un-
directed edges indicate the associations. Each node or edge has two weights: the short-term weight represent-
ing the degree of short-term interest on the node or edge and the long-term weight representing the degree the
long-term interest.

The interest graph is dynamically constructed with the growth of reading history. The graph is not large be-
cause the limited number of existing nouns or noun phrases (in English, there are about 2000 commonly-used
nouns or noun phrases).

The scanning of each text in reading history enriches the interest graph as shown in Fig. 2. The objects and
edges are extracted from each text and added to the graph if they have not appeared before. The calculation of
the short-term weight considers accumulation assumption and proximity distribution assumption. The calcula-
tion of the long-term weight considers accumulation assumption and wide distribution assumption. After
scanning one text, the previous weights will be updated. The update process takes the incoming text as input
and needs not to re-calculate the previous texts in the reading history. Given an object (or edge) in the interest
graph before scanning the incoming text, if the incoming text contains the object (or edge), the weights of the
object (or edge) obtained from the incoming texts are accumulated onto the previous weight during the update
process. The two weights of each node or each edge separately represent the degree of the short-term interest
and the long-term interest on the node or the edge. Greater weight reflects stronger short-term interest or long-
term interest.

The construction of the interest graph and the calculation of the weights are presented in appendix B.

Add the new Add the new

Tnput objects and objects ‘and
edges from edges from

the incoming the incoming

~ text to the text to the
interest graph interest graph

Construct interest
graph based on the
text scanning

==~ O O
The current time

>

Input Input, Each node or edge fias two weights
(short-term weight, long-term weight)

A reading history

Fig. 2. The construction of interest graph. The sequence of the texts is a reading history. The hollow arrow denotes the direction of the
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text scanning. The nodes and edges in intereshgmapenriched with the scanning. The dotted arderote notes. The solid arrows
denote the construction and the update of thedstgraph. The dotted boxes denote the enrichimcepses

The nodes with relatively great short-term I@rg-term) weights in the interest graph indictite short-
term (or long-term) interested objects. The degifee text meeting the short-term (or long-term)eatbjinter-
est is determined by the intersection between tjects in the interest graph and the objects intéié as
shown in Fig. 3. There are three attributes ofithersection: the size of the intersection, therssteym (or
long-term) weights of the objects in the intersattiand the times of the appearance of the comrpmtis in
the text (one object may appear multiple timesatext).

A variable,node match degreés used to measure the degree of a text medtengttort-term (or long-term)
object interest. The calculation of node match degronsiders the three attributes. If the shom+t@r long-
term) weight is considered as the second attribbtenode match degree measures the degree offidhie s
term (or long-term) object interest. So a text tvas node match degrees with an interest graph. Hagle
match degree means stronger interest on object.

The details of the node match degree are presentgzbendix C.1.

An interest graph

“Equal td relationship

Fig. 3. The matching of the objects in a text andnéerest graph. The circle nodes denote objé&tis.dotted curves denote “equal to”
relationships and indicate the match between tiectshin the interest graph and the words in tRe @ne object in the interest graph
may appear many times in the text.

The interest on link structure is reflected by tioeles and the edges. The link connects two nodesrtoa
basic unit. A link structure consists of multipladic units. The degree of the short-term (or larga) link
interest on a text is determined by the overlagvbeh the basic units in the interest graph andé#sic units
in the text as shown in Fig. 4. A basic unit appéara text if there is at least one sentence auintathe two
nodes. There are three attributes of the overlap. fifst is the number of the basic units in thertap. The
second is the edges’ short-term (long-term) weigltitdhe basic units in the overlap. Because theag be
multiple sentences in the text containing one basit; the third attribute is the times of the apace of the
common basic units in the text.

We use aredge match degrde measure the degree of a text meeting the skort{or long-term) link in-
terest. If the short-term (or long-term) weightcisnsidered as the second attribute, the edge ni=tgree
measures the degree of short-term (or long-tenmk)iliterest. So a text has two edge match degréabsaw
interest graph. High edge match degree means stramgrest on link structure.

The details of edge match degree are presentqupendix C.2.
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“Equal td reléfionship '

Fig. 4. The matching of the basic units in a texd an interest graph. Each horizontal line in the tepresents one sentence. The circle
nodes denote objects. The dotted boxes denotatie imits. The dotted curves denote “equal t@ti@hships and indicate the match
between the basic units in the interest graph la@dbasic units in the text. One match unit in titerest graph may appear many times in
the text.

3. Recommendation mechanism

The recommendation mechanism ranks the candidetelg combining the four basic angles.
Each basic angle corresponds to a rank of textsafeomplex angle combined kybasic angles and the k
basic angles correspondkaanks, a text has a rank arr&#4j that consists df components corresponding to

thek locations of the text in theranks, denoted aRA  #(rz2 ... rv). .
One rank array can be transformed into one valtegrated rankiy) by multiplying a coefficient vector

CV = (1, Ca...Ck) whereci+c+...+cc= 1 andcy, C,...Ck are within [0, 1]. It is calculated by equation),(1

I, k
Ir =CV xRA=Y ¢0Oy 1).

i=1

Then the unread texts can be ranked based onttgrated rank. Notice that the integrated rank maybe
integer. The default value @V s kl/Lk...1/k). The coefficients in coefficient vector can bguated by
user for more precise service. The recommendatiechanism saves the used settings of the coeffigiait
tors for future use.

The following gives two typical complex angles tban be handled by the recommendation mechanism.

(1) The angle that concerns the new informationhenshort-term interested objects. For examplesea was
interested in US economy history and read somes textFranklin Roosevelt's economy policies. Thée, t
user is likely to generate interest in Roosevdiijgot). Then the user tends to know more abousBeelt’s
other aspects except economy like his activitieg/MWIl. There are two aspects of meaning in the angle: a)
“new means the high-rank texts should not concern esgn which is handled byl'ow node match degree
with long-term weiglit and b) ‘short-term interested objeétmeans the high-rank texts should concern Roo-
sevelt, which is handled byHigh node match degree with short-term weighherefore, the complex angle
is combined by the short-term object interest dweddng-term object interest.
(2) The angle that concerns the new link structan@aining the long-term interested objects. Famale, a
user who has a long-term interestOavid Beckhanwants to know more information that the user doets
know. Meeting the complex angle implies: a) meeting long-term object interest, handled ygh node
match degree with long-term weighb) not meeting the short-term link interest, tiea by low edge match
degree with short-term weightand c) not meeting the long-term link interdsandled by fow edge match
degree with long-term weight

4.2. System Architecture

The system contains the following components: (L)rderface that monitors user behaviors, (2) airep
history record base, (3) a text scanning mechafaesrscanning user’s reading history, (4) an intecadcula-



Author name / Procedia Computer Science 00 (2016) 000-000

tion mechanism that calculates the interest graph, (5) a recommendation mechanism that recommends texts
from the external text repository, and (6) an external text repository that gathers texts from the Internet.
Fig. 5 shows the system architecture.

™. Recommendation
Recommended mechanism
texts according to  The ranks according to basic angles
complex angle L
Long-term link interest
User i
. | Combine l |:| |:| ILong-tenn object interest <
Recommend Short-term link interest
Monitor user o
click behaviors m Short-term object interest
User interface Interest 'calculation Calculated by the
g mechanism Interest graph recommendation
Interest mechanism
calculation
il ;
Record o
“ ?y
L— Scan by 5 @ ®

@

External text

Reading history Text scanning

record base mechanism Notes.

(DNode match degree with short-term weight
(@Edge match degree with short-term weight
(®Node match degree with long-term weight

(@Edge match degree with long-term weight

repository

The Washington Post
*

Fig. 5. The system architecture. The dotted lines denote the match between the candidate texts and the interest graph. The basic angles can
combine into multiple complex angles based on different coefficient vectors.

The following are two typical application scenarios of the system.

Scenario 1. The effect of switching link interest to object interest. The user has recently read some news on
the retirement of NBA player Kobe Bryant and sets the angle as the short-term object interest. The coefficient
vector is (1, 0, 0, 0) as shown in the controllers in Fig. 6 (a). The recommended pieces of news concern other
aspects of information on Kobe as well as the retirement event as shown in Fig. 6 (a). If the user wants to fo-
cus on the retirement event, he or she can adjust the angles to the short-term link interest by setting the coeffi-
cient vector as (0, 1, 0, 0), the recommended pieces of news only concern the retirement event as shown in
Fig. 6 (b).

Scenarios 2. The effect of switching short-term interest to long-term interest. The user in this scenario often
reads the news on NBA team Warriors in last year and read some news on team Spurs in recent days. If the
user sets the coefficient vector as (1, 0, 0, 0), the recommended text are related to Spurs as shown in Fig. 6 (c).
If the user wants to avoid the influence of recent reading behaviors and obtain information on the objects with
long-term interest, he or she can adjust the coefficient vector to (0, 0, 1, 0). The recommended texts are shown
in Fig. 6 (d).

Scenarios 3. A user does not know the interest angles, for example he/she does not know what is the short-
term object interest and what is long-term object interest. The system can let the user know the angles he/she
is potentially interested in by displaying the basic angles of interest. User can view, select and add his/her an-
gles, and thereafter he/she can operate his/her potential angles.
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Fig. 6. The interface for switching angles.
5. Experiments
We apply the angle-based interest model to texdmagendation to evaluate its effectiveness.

Experiment 1. The experiments on basic angles.

Purpose. This experiment is to demonstrate that the interexlel can effectively recommend text according
to the basic angles.

Dataset and preprocessing. The texts in real reading history normally connirvarious angles and the texts
meeting one angle account for a small proportioreafling history. So using real user historic dets two
limitations if one angle is tested: the real da@ymot reflect the angle we want to test and tlesteecom-
mended according to one angle have big differerite tive real historic data. Therefore we manua#gign
reading histories and appropriate texts for eadfea he texts come from the following two datasets

(1) Data-Testl. The data are the news fraC 2005, 2006 and 2007. In the data, texts are divid® top-
ics. The texts about a topic are selected froneidifit newspapers or websites. We randomly choosepbs
and 500 texts. Each topic contains 10 texts.

(2) Data-Test2. The data are gathered from the Internet (mdsily the links in Wikipedia pages). The texts
are related t@eorge W. BushndSaddamData-Tes®2 contains 5 sets of texts that satisfy: BlshandSad-
damare not linked in the link structures of the textshe first 4 sets. (BushandSaddamare closely linked
in the link structures of the texts in the fifth.se
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Baselines. There are three baseline methods. The first isrdeot-based recommendation meth@dB i)
which uses keyword-based vector space model [H3e8 orCBM, the second baseline methddnie CBM)
takes time into consideration to make a targetedpesison by multiplying each word’s weight with tHe-
scending function. The third baseline methBis{CBM) takes distribution into consideration by multijply
each word’s weight with the word’s distributing ffieent.
Procedure. For each angle, the experiment contains the fatigiour steps: (1) set a reading history in which
the texts reflect the angle, (2) set a group ddlidexts that meet the angle based on the readsigryy (3) use
the angle-based interest model to get the recometetekts, (4) compare the match ratios betweerdted
texts and the recommended texts. Match raiB)(is designed as following, match ratidhe number of the
recommended texts in ideal result / the numbeecdmmended texts

Fig. 7 shows the results. More detailed experimargspresented in appendix D.

90.00%
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70.00%
60.00% -
50.00% -

40.00%
30.00% - Time-CBM

B Our model

CBM

20.00% - = Dis-CBM
10.00% -
0.00% -

Short-term object  Long-term object Short-term link Long-term link
interest interest interest interest

Fig. 7. The results of the experiment on basicesdlhe vertical axis represents the match ratidsexts are recommended.

The results show that the angle-based interest hmadeerforms the baselines. The advantage is reatg
when the recommended text according to objectestebecause the object angle is similar to theeaaf!
previous text recommendation models. The advaritageeat when the recommend text according toitte |
interest.

Experiment 2. The experiments on complex angles.
Purpose. The experiments is to test the effectiveness efatigle-based interest model handling complex an-
gles (we select the angle that concerns the newrirgtion on the short-term interested objects aredangle
that concerns the new link structure containingloimg-term interested objects).
Dataset. Data-Testl andData-Test2.
Procedure. The following isthe procedure:
(1) Set a reading history in which the texts rdftbe angle.
(2) Set a group of ideal texts that meet the abhgted on the reading history.
(3) Set coefficient vector as default values.
(4) Use the angle-based interest model to getab@mmended texts.
(5) Compare the ideal texts and the recommendédsl. tex
(6) Change the coefficient vector and go to (4).
The details of the experiments are shown in appeBdiThe results show that the angle-based interest
model is effective to handle the two complex angldse recommended texts can correctly change \wih t
coefficient vector.

Experiment 3. The experiment on real world data

Purpose. The experiment demonstrates that the basic ahghes real requirements and taking them into con-
sideration can improve the effectiveness of tegbnemendation.

Dataset and preprocessing. Yahoo news dataset is used as real world data inhwdach record stores an
anonymous user’s click stream on the news. Theidateprocessed as following:

(1) Remove the click streams less than 50 news.

(2) Remove the click streams on which the recomragon effect is not improved while incorporatingeth
short-term link interest and long-term link intareBhe reason of the second preprocess is thagvasy user
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have the interest on the link structure. Our irgereodel is useful as long as it can improve pladga. There
are 373 click streams and 2270 different news giteprocess.

Baselines. We integrate the basic angles with two commonkdusiethods: content-based recommendation
method CBM) [31] and collaborative filtering metho©FM) [21]. The integrated methods are listed as fol-
lowing (SO stands for short-term object interds stands for long-term object intereSR stands for short-
term link interest.P stands for long-term link interest).

CBM- 1: 100% news fronCBM.

(CBM + AIM) - 2: 1ju news fromSO+ 1/u news fromLO + rest news fronCBM.

(CBM + AIM) - 3: 1 news fromSP+ 1ju news fromLP + rest news fronCBM.

(CBM + AIM) - 4: 1/2« news fromSO+ 1/2u news fromLO + 1/2u news fromSP+ 1/24 news fromLP + rest
news fromCBM.

CFM - 1: 100% news fronCFM.

(CFM + AIM) - 2: 1ft news fromSO+ 1/u news fromLO + rest news fronCFM.

(CFM + AIM) - 3: 1t news fromSP+ 1ju news fromLP + rest news fronCFM.

(CFM + AIM) - 4: 1/2« news fromSO+ 1/2u news fromLO + 1/2u news fromSP+ 1/24 news fromLP + rest
news fromCFM.

CBM- 1 andCFM - 1 are considered as baselin€&Bi + AIM) - 2 and CFM + AIM) - 2 incorporate the
interest on objectGBM + AIM) - 3 and CFM + AIM) -3 incorporate the interest on link structu@BM +
AIM) - 4 and CFM + AIM) - 4 incorporate the two angles.

Procedure. For one click stream, we consider the first 80% saw the reading history and the rest 20% news
as the target news. The target news and 500 iamteexts form the unread text pool. For each nigthine

top 10, 20, and 30 news are recommended from threadrtext pool. If the number of recommended news i
not an integer, a rounding up value is taken.

The results are shown in Table 1.

Table 1. The experimental results on real datdgids for precision, R stands for recall, F stfod§1-measure) = 6.

Top 10 Top 20 Top 30

Methods: P R = P R F P R F

CBM— 1. 0327 0156 0211 0272 0259 0265 0221 1%.30.26
(CBM+AIM)—2: | 0.325 0.154 0209 0281 0257 0268 0244 7.38.283
(CBM+AIM)—3: | 0.382 0.178 0243 0302 0268 0284 0249 10.36.291
(CBM+AIM)—4: | 0372 0171 0234 0309 0294 0301 0277 €.39.326

CEM — 1. 0338 0.161 0218 0277 0232 0253 0223 19.30.262
(CFM+AIM)—2: | 0341 0162 027 0283 0264 027 026 0.37B0&
(CFM+AIM)—3: | 0366 0.172 0234 0291 0277 0284 0258 9.36.304
(CEM+AIM)—4: | 0358 017 0231 0298 0284 0291 0.269 0.38816

Table 1 indicates the following points.

1. Because the integrated methods can improve therpahce, so the interest on object and the interest
the link structure exist in users’ needs, and tigless can be effectively handled by the angle-basded
est model.

2. When the top 10 news are recommended, the advantddéeBM + AIM) - 4 and CFM + AIM) - 4 to
thebaselines are not great; but the advantages become greater when a bigger range is set (top 20, top 30).

It indicates that, with the expanding of the rarigeprporatingthe interest on object and the interest on
link structure can provide more needed texts coegaithCBM -1 andCFM - 1.

3. Compared with the baseline$CEM + AIM) - 3 and CFM + AIM) - 3 have greater advantages than
(CBM + AIM) - 2 and CFM + AIM) - 2 at the range of top 10. It indicates thabimporating the interest
on link structure gives greater improvement thamiporating the interest on object while recommegdi
a few texts. The improvement becomes weak wittetpanding of the range. A reasonable explanation is
that the interest on link structure appears lesguently than the interest on object.
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Experiment 4. The experiment on the coefficients

Purpose. This experiment is to test the performance ofahgle-based interest model when key coefficients
change.

Dataset. Data-Testl andData-Test2.

Procedure. The experiments in experiment 1 are re-conducteditgn different values of the coefficients.
The details of the experiments are shown in AppeRdi

6. Conclusion

This paper proposes an interest model with two kioflangles: persistence and pattern. It has thaniog

characteristics:

1. It can distinguish the four basic angles of intefesm a user’s reading history.

2. The interest on object and interest on link striectare required by users. Incorporating the twdesnig
helpful to improve the effectiveness of text recoemahation, and the interest on link structure appear
less frequently than the interest on object.

3. Itis better than the baseline methods while recemiing texts according to the interest on objebe T
advantage is not great because the interest ontabjd the angle are similar to previous methods.

4. It is much better than the baseline methods whitmmmending texts according to the interest on link
structure. The advantage is great especially wied®mmending a few texts. This is because previous
methods do not consider the interest on link stmect

5. It can handle the complex angles. The effectiveesthe two typical complex angles (especiallysit i
effective when the coefficient vector changes)rgty supports its effectiveness on the complexesgl|

The matching according to the interest on linkattice makes the content of recommended texts sitoila
the content of a reading history compared withrttaching according to the interest on object. Tla¢ctring
can be closer, e.g., taking every three or moreatbjand their edges as one basic unit of linkcttra. But
more similar matching does not always improve tfiece of recommendation. Experiments show that the
interest on link structure appears less frequethtiy the interest on object. If we use more sintitatching,
seldom texts can match with the reading historycivimakes the recommendation useless. On the athel; h
text recommendation implies two characteristics: thcommended texts should be interested, andhibe i
mation in the recommended texts should be moressrfresh. The two characteristics reflect twoeswgs. If
only the first characteristic is emphasized, treomemendation is redundant, and if only the secdradacter-
istic is emphasized, the recommendation is irrefevdore similar matching is inclined to emphasgize first
characteristic.

Future researches include three aspects: (ajidiition to news-scale text, we will test the manle other
types of text. (2) We will incorporate more angiet® our model. (3) We will consider a semantiasirpat-
tern. (4) We will make use of the multi-dimensiomesource space model to establish a multi-dimeasio
interest model [33]. The proposed modah also be extended to be a component of the sientems for per-
sonalization applications like summarization in thalti-dimensional cyber-physical society [11, 37, 43,
44].
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Appendix A. Text Scanning M echanism

The text_scanning mechanistAT{SM scans one text sentence by sentence and simtietdmpression
propagation process in association as shown ingrig.

While scanning th&" sentence,
1. Two ranges are set: the global range whichasifthe first sentence to th# sentence and the local range
which is around th&" sentencek(+ D, D is the local size).
2. There are two kinds of relevancies between thelsv (1) The global relevancy between two wosgdsind
W, denoted a&SR(w1, Wo), represents the relevancy between the two wardke global range while scan-
ning the ki sentence. It is measured by the number of sersermsainingv; andw.in the global range. (2)
The local relevancy between two worisandw., denoted akR p(wi, W»), represents the relevancy between
the two words in the local range while scanningkhsentence. It is calculated by equation (2) and (3)

LR, ,(w;,wy) =Min(N, ;,,1)x GR, (w,,w,) (),

NumSk,D,km (WI,WZ)

IOgr (NumSu( (1,‘;1’1/‘/2 )) if(k€[D+1, N-D])

N, = 1 if(k€[1, D]) 3),
NumsS, Dy (mw,)
log, (NumsS, ,,(w, w;)) if(kS[N-D+1, N])

whereNyp denotes the ratio of local relevancy and global relevancy; NumS,y(wi,w) denotes the number of
sentences containing; andw, from thex™" sentence to thg" sentence; Min() is a function that returns the
smaller value; and r is an integer. The values of the coefficientsgnation (2) and (3) are discussed in [41].
3. Alocal word networkl(WN) is built. The nodes are the words in the locabge The edges are built if the
two words appear in a common sentence within tiealloange. An edge’s weight is its local relevangy.
node’s weight represents local word impressloilj of the word.

Association process is simulated in the networle @mount of propagated impression from nade node
b is determined by two factors: (1) the amount gpriession thah passes out, and (2) the ratio between the
local relevancy betweemandb and the local relevancy betwea@and other neighbors.

The association process is performed as followiligile scanningk™ sentence, for a wordr in k™ sen-
tence,HTSMadds a weight tev’s local word impression; w reserves a partial weight and propagates the rest
to theneighbor nodes; the neighbors that receive weight do the propagation as well. The weight propagated
through nodes is calculated by equation (4),

LR, ,(i.})
D LR, (i, j)
/

0 if(Wi< M]N)

=1/ @)xW[i]x if (W[i]> MIN)

PWi—))= (4).

In equation (4)j denotes a neighbor nodeioPWi—j) denotes the propagated weight froto j; LR« (i, j)
denotes the local relevancy betwaéeandj after scanning the" sentenceMIN is a threshold that the propa-
gated weight lower thaMIN will be ignored.w is a ratio thath word keeps &/ weight and propagates (1-
1/w) weight to its neighborsw is set as 2.
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r Local word network

Atext
Global range ]
D‘[ S — Local Generate
Thekh sentence--:g"'[ ] 2 "[range =777
i The word represents an object and is a node
in the local word network

. P
One word in th¢<t sentence

Fig. 8. The simulation of association process. dbited arrows in local word network represent ttappgated impression. Each line in
the text represents one sentence.

Appendix B. Data Structuresfor Extracting I nterest from Texts

An interest graph consists of a set of nodes tleathee objects appeared in the reading historysaseit of

edges between the nodes. If there is impressiopagated between two nodes, the graph contains ge ed

between the two nodes.
The calculation of short-term weight considers awglation assumption and proximity distribution as-

sumption.

(1) Accumulation assumption requires to the rarikthe objects and the links in one text. If relativgreat

amount of impression is propagated through an olojea link, the object or the link is significafior un-
derstanding the meaning of the text and thuslyhigis rank. We give two concepts as following to siea
ure the rank of object or link. One is impressibrotighput amountiTA). Impression throughput amount
of an object in a text is the sum of impressiorppgated through the corresponding wardfter scanning
the text. It is calculated by equation (5),

ITA- (W =23 PW (w- V) OF

whereT denotes a texty andw; denote two words iff, w; is thej!" neighbor word that receives impres-
sion fromw, ITAr(w) denotes théTA of w in T, PWri(w—w;) denotes the weight propagated franto w;
while scanning™ sentence i by usingHTSM

The other concept is impression flow amoufA]. Impression flow amount of a link in a text ieth
sum of impression propagated between the corregmphao words after scanning the text. It is cadtul
ed by equation (6),

IFA- (W, W) = > PW (W~ W)+, PW,((w— W ().

wherews andw, denote two words iff, T denotes a textFAr(wi,w2) denotes théFA betweenw; andws
in T, PWrj(wi—W>) denotes the weight propagated framto w. while scanning" sentence i by using
HTSM

If a user decides to read a text, the objectselitiks with high rank in the text are very likaty be the
interested things. However the objects and theslimith high ranks do not always reflect a usertsriests.
For example, a user reads a text describing 9atla#ind the user is only interested in the actigrisew
York fire brigade, then the information on the ¢eists does not meet the user’s interest even tholog
information has high rank in the text. So tfié or IFA in a single text cannot be directly used to measur
the degree of interest. The problem can be hanojedonsidering a reading history instead of a sing|
text. Even though an interested pattern does na hiagh rank in one text, it must be distributedther
texts in the reading history. So thEA (or IFA) of an object (or a link) in a reading history adended
from a single value to afTA array (orlFA array). The components in the array arelT#€IFA values of
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the object/link in each text of the reading histdrgen the proximity distribution assumption andevdis-
tribution assumption can be applied on the arrays.

(2) A descending function is applied to implemerximity distribution assumption. The nodes appear
recent texts are assigned with relatively high WwisigOther typical functions are discussed in tkges-
ments.

According to accumulation assumption and proxindistribution assumption, th&As (orIFAs) of an ob-
ject (or link) are summed up following a descendiregd started from the current time. Given a negutis-
tory: Ty, T2 ... Tsizg, WhereT; is the text most close to the current time, give tinked nodesu andny, the
short-term weight of the edge betweagrandn; is calculated by equation (7) and (8),

SIZE

SWH p )= Q(k* IFA( p 5 @),
Q(k) = 2/@ A<t A>1 (8).

wherek denotes th&™ text in the reading historSWE(n, nz) denotes the short-term weight of the edge be-
tweenn; andn; in the interest graph2(k) is within [0, 1].2(K) is a decreasing function that the decreasing
speed of2(k) becomes slow when time lasts. The value sfset as 1.15. The valuesiofre discussed. And
Q(K) is compared with other typical functions in theeriments. Similarly, the short-term weight of@dep

is calculated by equation (9),

SIZE

SWM p= Q(§* ITA( P ©),

whereSW\(p) denotes the short-term weightpin the interest graph.

The calculation of the long-term weight considezsuanulation assumption and wide distribution assump
tion. Here, the accumulation assumption is the saitte the accumulation assumption in the calcutatid
the short-term weight.

According to wide distribution assumption, a vakafdistributing coefficientDC) is designed to measure
the degree of a word being evenly distributed neading history. The calculation of distributingefficient
takes anTA (or IFA) array as input. For an array that consists oftivesvalue or 0, distributing coefficient
measures the degree of the positive values beiegledistributed. Two factors dTA/IFA array are consid-
ered: (1) the consecutive zero sequences, anth§)ansecutive non-zero sequences. For exampés ar-
ray (2,4,0,0,5, 3, 2,0,0, 0, 3, 4), the treequences containing the underlined values aretneecutive
non-zero sequences and the rest two sequences@@hsecutive zero sequences. The positive valtes
evenly distributed if the number of the consecutt&go and non-zero sequences is relatively bigtaed
lengths of the sequences are relatively small. Tamcepts are given to describe the two kinds ofieseces.
One is gap arraydA). For an arra that consists of positive values and 0, the gegyasfQ is an arraydj,
02, 03 ... Om) Whereg; denotes the number of 0 in tieconsecutive zero sequenceQnGA(Q, i) denotes the
i element in the gap array @ The other concept is inverse gap arra@4): For an array that consists of
positive values and 0, the inverse gap arra® ¢f an arrayds, g2, gs, ---, Om) Whereg; denotes the number of
non-zero values in th& consecutive non-zero sequenc®in-GA(Q, i) denotes th&" element in the inverse
gap array ofQ. For example, given an arr&y= (85, 42, 0, 0, 0, 0, 33, 0, 101, 0, 0), the gapy is (4, 1, 2)
and the inverse gap array is (2, 1, @AQ, 2) = 1 and SA(Q, 1) = 2. If all values irQ are not 0, the gap
array is (0); if all values in Q are 0, the inverse gap array is (0). Then theildiging coefficient of an arra®
is calculated by equation (10),

DC(Q) =log, (X, (GAQ )"+ (- GAQ)")/ N") 101,

wherem>n>1, O<a<1, N is the number of components@a is a coefficient. The default valuesrafn anda
are 3, 2 and 0.6The values ofm, n anda are discussed in the experiments. Because thébdistg coeffi-
cient is to depict the degree of positive valugsdevenly distributed, gap array play more impottale in
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the calculation than inverse gap array which lgade>n. The distributing coefficient growths if the numbe
of the sequences increases or the length of theesegs decreases.

Based on the distributing coefficient, two wordegdees of being evenly distributed can be compased
following. Given anTA (or IFA) arrayA, of node (or edgg) and anTA (or IFA) arrayAq of node (or edgey,
if DC(Ap) is greater thaC(A), the distribution op is evener than the distribution gf For example, given
two nodes andq, p's ITA array isAy: (85, 42, 40, 0, 0, 0, 0, 0, 0, 20, 33, 0, 101 nddeq’s ITA array isAg:
(0, 42, 40, 0, 0, 85, 0, 0, 0, 20, 33, 0, 101, Bjcl is obtained by exchanging the first and thee@ment in
Ap. DC(Ap) = 4.84 andDC(Ag) ~ 7.92. So the distribution afis evener than the distribution jof

Based on the distribution coefficient and accuniofassumption, the long-term weights of the naates
the edges are calculated as following. Given aingaistory —Ti, Tz ... Tsize, whereT; is most close to the
current time, leArray_ITA(p) be nodep's ITA array,Array_ITAp) = (ITAr,(p), ITAT,(P), ..., ITArg,(P)), and
DC(Array_ITA(p)) be the distributing coefficient drray _ITA(p), the long-term weight gb is calculated by
equation (11),

SIZE

LWV(p) = DC(Array_ITA(p))* > ITA, (p) (11),

whereDC(Array_ITA(p)) reflects wide distribution assumption add TAr,(p) reflects accumulation assump-

tion. Similarly, the long-term weight of edge= (n1, ny) is calculated by equation (12),
SIZE

LWV (n,,n,) = DC(Array _IFA(n,,n,))x > IFA, (n,,n,) (12).
k=1

Appendix C. Match Degreeswith Interest Model
C.1 Node match degree

AssumingL is an interest graph ands a textZ is the intersection between the objectk iand the objects
in t, the match degree according to the interest oecblig calculated by equation (13),

num
NMDt,L :WZ(T(ni)XWVL(ni)) (13),

i=1
whereNMD; denotes the node match degree betwesrdL; N denotes the number of sentenceg im de-
notes theé™ element inZ; T(n;) denotes the frequency of in t; if NMD,. measures the degree of the short-
term object interest, thamv (n;) denotes the short-term weightrefn L; if NMD;. measures the degree of the
long-term object interest, themvi (n) denotes the long-term weight nfin L. The time complexity of the
calculation isO(M*N). M is the number of nodes In N is the number of object i It is a polynomial time
complexity.

In equation (13)N is divided to avoid that a text has high node imategree just because it is long enough

to cover many words.

C.2 Edge match degree

AssumingL is an interest graph,s a text, and is the intersection between the objectt iand the objects
in t, the match degree according to the interest dnsliructure is calculated by equation (14),

num-1 num

EMD, :W > D (T (n,n;)xwe, (n,n,;)) (14),

i j=i+l

whereEMDy, is the edge match degree betweamdL; n; andn; denote theé" andj™ object inl; if EMDy.
measures the degree of short-term link interest)we_(ni, nz) denotes the short-term weight of,(ny) in L;
if EMD;,. measures the degree of long-term link intenast(ni:, ny) denotes the long-term weight af,(ny)
in L; if n; andn; are not linked irL, we_(n1, nz) = 0; N denotes the number of sentenceg if(n;, n)) denotes
the number of sentencestinontainingn; andn;; numdenotes the number of elements.iifhe time complex-
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ity of the calculation is M*N+num”2+num”2*S = @I¢N*S). M is the number of nodes in N is the number
of object int. Sis the number of sentencegint is a polynomial time complexity.

In equation (14)N is divided to avoid that a text has high edge malegree just because it is long enough
to cover many basic units.

Appendix D. Experimentson Basic Angles.
D.1 Experiments on the interest on object

D.1.1 Experiment on short-term object interest

This experiment is to demonstrate that the anged@nterest model can recommend texts accorditigeto
node match degree with short-term weight.

FromData-Testl, 20 topics are chosen and grouped into four-setet, set, set andset. Each set has 5
topics. 4 texts are randomly chosen from each t&pic20 texts are chosen from one set and can sdeo
ered as a partial reading history with a randoneorélour partial reading histories are obtainedftbe four
sets and further merge into a whole reading histoiy after another aset®;,—set®%—set%—set% (total 80
texts in the whole reading historget (k=1, 2, 3, 4) denotes thd' partial reading history that contains
texts. In the whole reading history, the textsét% are most recently read; the texts in se% are read before
set%, and so on. An interest graph can be obtained&yring the whole reading history.

In the chosen 20 topics, 2 texts are chosen framnwdht texts of each topic (total 40 texts). In4Betexts,
the texts fromset should be most relevant to the reading historymting to the shorterm object interest;
the texts fromset should be second most relevant, and so on. lother 30 topics, 3 texts are chosen from
each topic (total 90 texts). The 90 texts are ptvant to the reading history. The 130 (40+90)stéarm a
testing set. The node match degree with short-teerght between each text in the testing set andntieeest
graph is calculated. The texts with the firabde match degrees are recommendedL(, 20, 30, 40 or 50).

To test the stability, the experiment is perfornieee times with different orders of the textshe partial
reading histories — denoted @sder;, Order, andOrders. The order of the partial reading histories doais n
change. Table 2 shows the experimental resultsevtiee value means the number of texts in the et&om
between the texts with the firshode match degrees and the texts in the leftfdbeaow. The values in the
row “other’ mean the number of the recommended texts ns¢inset, set or seth.

The ideal results are: whér10, there are 10 recommended texts fsa) wheni = 20, there are 10 rec-
ommended texts fromet, and 10 recommended texts freet, and so on.

Table 2. The experimental results on the node ndggnee with short-term weight.

Orden;, [ 1=1C i=2C i=3C i=4C 1=5C
sey 9 1C 1C 1C 10
ses 1 5 8 1C 10
ser 0 4 7 9 10
sel 0 1 4 8 9
Othel 0 0 1 3 11
Order, | i=1C i=2C i=3C i=4C i=5C
sey 8 1C 1C 1C 10
ses 2 7 9 1C 10
ses 0 3 6 9 10
sel 0 0 4 7 10
Othel 0 0 1 4 10
Order; | i=1C i=2C i=3C i=4C i=5C
sey 8 9 1C 1C 10
ses 2 7 9 1C 10
sey 0 3 7 8 10
sel 0 0 3 7 9
Othel 0 1 1 5 11

Three baseline methods are performed on the sataeklg. 9 shows the average match ratios of Table
and the match ratios of the three baseline methidusangle-based interest model has weak advantagies
different values of. Table 2 and Fig. 9 demonstrate that the angleebasterest model can effectively rec-
ommend texts according to the short-term objeer@st. On the other hand, in Table 2, most valneme
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column satisfy a decreasing trend which means dlde match degree with short-term weight decreabesiw
time lasts. It matches the physical meaning ofiitide match degree.

100.00%
90.00%
80.00%

70.00% -
® Our model

CBM
H Time-CBM

60.00%
50.00% -
40.00%
30.00% - ™ Dis-CBM
20.00%

10.00% -

0.00%

i=10 i=20 =30 i=40

Fig. 9. The average match ratios of the three erutefable 2 and the match ratios of the threelivesmethods.

D.1.2 Experiment on long-term object interest

This experiment is to demonstrate that the angsedanterest model can recommend texts accorditiggto
node match degree with long-term weight.

FromData-Testl, 32 topics are chosen and are divided into 4-setgt, seb, set, set. Each set has 8 top-
ics. 9 texts are chosen from one topic. So 72 dschosen from one set (total 288 texts fronBthéopics).
Each topic in the 32 topics has one text résher, denotes the rest 32 texts. Beside the 32 chosdcstop
there are 18 rest topics bata-Testl. 5 target topics are chosen from the 18 topicgach target topic, the
10 texts are divided into 5 groups. One group htex.gi; denotes th¢" group init" target topic (1<=5,
1<5<=5). The sets and the groups form four partiatirea histories as followingRRH stands for partial
reading history):

PRH= RandomOrd€(set, 91,1, 92,1, 93,1, J4,1, U5,1),

PRH= RandomOrddset, 01,2, 92,2, 93,2, J4,2, U5,2),

PRH:= RandomOrd€(set, 01,3, 02,3, 93,3, 04,3, U5,3),

PRH;= RandomOrde(set, 91,4, 02.4, 03,4, 04,4, U5,4).

FunctionRandomOrdd() arranges the input texts into a random sequencen We merge the four partial
reading histories into one whole reading historg after another a®RH, — PRH, —» PRH: — PRH:. The
main objects in the 5 target topics are distributethe whole reading history. So the objects i $htarget
topics are the long-term interested objects. Aarggt graph is obtained by scanning the whole ngagiisto-
ry. According to the long-term object interest, flietexts fronm s, 925 Js,5 gas andgs s, are the ideal results,
denoted a&. Other, is a comparative group. The textsGther, are relevant to the whole reading history,
but do not meet the long-term object interest bseahe main objects i@ther, concentrate in one partial
reading historyOthenso denotes 130 texts from the rest 13 topics. This te@Othenso are not relevant to the
whole reading history. The node match degree witlgiterm weight between the interest graph and tat¢h
in GU Other,U Othenso is calculated. The experiment is performed thiegeeg through rerunnindgRan-
domOrde() to get different orders of the four partial re@ghistories. Table 3 shows the experimental tesul
In Table 3, no mattdr= 10 and = 20, the values in ronwG” are greater than the values in rov@ther;” and
“Othensg’. Table 4 shows the average match ratios of Talded the match ratios of the three baseline meth-
ods. Whern = 10, the ideal set 6. The angle-based interest model is a little beéltenDis-CBM and much
better tharCBM andtime-CBM Table 3 and Table 4 demonstrate that the angleebmterest model can ef-
fectively recommend texts according to the longrtebject interest.

Table 3. The experimental results on the node ndggnee with long-term weight.

Order;, [ i=1C i=2C Order, i=1C i=2C Orders [i=1C i=2C
G 7 9 G 8 1C G 8 10
Othelss 3 9 Othelss 2 8 Othelss 2 9
Othelsg 0 2 Othelsg 0 2 Othelsg 0 1

(@) (b) (©
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Table 4. The average match ratios of Table 3 aadrtatch ratios from the three baseline methods.

CBM Time-CBM Dis-CBM
30%  20% 60%

Our mode
76.7%

1=1C

D.2 Experiments on the interest on link structure

Data-Test 2s used in the experiment®ata-Test 2consists of two parts. The textspart; are relevant to
George W. Busland the texts ipart; are relevant taddampart; is divided into 5 sets respectively on 5
aspects oBush— the education and family backgrourskf 1), campaigning presidensdt »), tax reduce
policy (set 3), 911 attack and Afghanistan waef 4, and Iraq wardget 5). part; is divide into 5 sets respec-
tively on 5 aspects ddaddam— the young et,1), rise to powerget.), political and cultural imagesét 3),
Iran-lraq war éeb ), and Iraq warget s). set; denotes th¢" set of pari. Each set ipart; andpart, contains
15 textstext;x denotes th&" text in thej™ set of pari. i is an integer within [1, 2]; j is an integer within [1,
5]; k is an integer within [1, 15ket s andset s describe the same event and thusly match siniilarskruc-
tures. Then we mergeart; andpart; into one part by putting togethtxt jk andtexbjk into one texttexb,
is aftertext j«. (j changes from 1 to 5 akdchanges from 1 to 15). 5 new sets of texts araidd after merg-
ing — set, seb, set, sety andset. Each set contains 15 texts and each text isaptdeBushandSaddamin
the following experimentsef, denotesn texts randomly chosen froget.

D.2.1 Experiment on short-term link interest

This experiment is to demonstrate that the angiedénterest model can recommend texts accorditigeto
edge match degree with short-term weight.

A reading history with 80 texts is built froBata-Test2 as following:Others,— RandomOrdeiset’) —
RandomOrdgset®;) — RandomOrdeiset%). The texts fronset% are most close to the current tin@thero
denotes 50 texts from the Internet that are iraiéwithData-Tes®2 and the 50 texts are irrelevant with each
other. An interest graph is obtained by scanniegéading history.

A testing set (total 45 texts) is built that conta{1)sefs, sefs andsefs which respectively denote the rest
texts fromset, set, andset (total 15 texts), (2) the 15 texts set and (3) the 15 texts iseb. i texts are rec-
ommended from the testing set according to thetgbam link interest. Whem = 5, the ideal set isefs;
wheni = 10, the ideal set efs U sefs; when i = 15, the ideal set sefs U sefs U seba.

To demonstrate that the node match degree with-&on weight is not suitable for recommending sext
according to the short-term link interest, the nosch degree with short-term weight between eaxhin
the testing set and the interest graph is calallafee texts with the first node match degrees are recom-
mended i(= 5, 10, 25). The results are shown in Table 5Mairh are quite different from the ideal results.
The reason is that the short-term weights of the mades — Bush and “Saddarii— are much higher than
other nodes because they appear many times recAntjytext containing Bust and “Saddarty many times
has high node match degree with short-term welgbtthe texts irset or set have high node match degrees
with short-term weight, but the texts do not méetshort-term link interest.

Table 5. The experimental results on the edge nagghee with short-term weight.

i=5 1=1C =15 Orden i=5 1=1C =15
se1 0 1 2 se1 0 0 1
ser 1 2 2 se» 0 0 0
se®; 1 1 3 se®; 0 2 5
se%, 2 3 4 se%, 1 3 4
se’; 1 3 4 se’; 4 5 5

(@) (b)

Order, =5 =1C =15 Orders i=5 i=1C =15
sel 0 0 0 sel 0 0 0
sey 0 0 1 sey 0 1 1
se>; 0 2 4 se>; 0 2 5
se%, 2 4 5 se%, 1 2 4
se’ 3 4 5 se’ 4 5 5

(d)
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Fig. 10. The average match ratios of the threererigeTable 5 and the match ratios of the threelbesmethods.

The edge match degrees with short-term weight betvike texts in the testing set and the interesglgr
are calculated. The texts with the firdt = 5, 10, 25) edge match degrees are recommendedexderiment
is performed three times by rerunniRgndomOrdej). The orders of texts in one set are differert #re or-
der of sets 4et%—set%—set%) remains stable. The results are shown in Takle)5(c), (d). The results
satisfy that the most recommended texts belonjgadeal sets wheir= 5, 10, 15. So the angle-based interest
model can effectively recommend the texts matcHegshort-term link interest.

Fig. 10 shows the average match ratios of Table)5(€), (d) and the match ratios of the three lese
methods. The match ratios from the angle-basedeisitenodel are much better than the baseline mett8ml
the angle-based interest model is much more effettian the baseline methods for recommendingaext
cording to the short-term link interest.

D.2.2 Experiment on long-term link interest

This experiment is to demonstrate that the angsedanterest model can recommend texts accorditiggto
edge match degree with long-term weight.

set denotes 150 texts from the Internet that areduaat withData-Test2 and the 150 texts are irrelevant
with each other. Five partial reading histories@rtained as following:

PRH,= RandomOrde(set’%, sefy, sebs),

PRH= RandomOrde(set’, set®,, sets),

PRH;= RandomOrde(set’%, set%, sets),

PRH= RandomOrde(set’%, sefy, sebs),

PRHs= RandomOrde(set’%, set%, sets).

sebs, sef; andset% denote different sets of texts in different pamémding histories. Then the five partial
reading histories are merged into one whole reatisgpry asPRH — PRH, — PRH; — PRH; — PRH.
The texts inPRH; are most close to the current time. An intereapbris obtained by scanning the whole
reading history. A testing set is build that consaihe rest 50 texts froeet and the rest 25 texts froset U
sebUsetU setUset. According to the whole reading history, the tertset match the long-term interested
link structure because the textssigg are most evenly distributed. Compared gitth, set andset, the texts
in set match the long-term interested link structure nmudoese because the textssat appear irPRH, and
PRH. i texts are recommended from the testing set. Wheb, the ideal set is the 5 texts fra®t in the
testing set; when i = 10, the ideal set is the 10 texts freet U set in the testing set, whean= 25, the ideal set
is the 25 texts fromset U set U seg U seb U set in the testing set.

To demonstrate that the node match degree with-iermg weight is not suitable for recommending texts
according to the long-term link interest, the notstch degree with long-term weight between eachitethe
testing set and the interest graph is calculatéd. t€xts with the first node match degrees are recommended
(i=5, 10, 25). The results are shown in Table 6wagh are quite different from the ideal resultbeTreason
is that the long-term weights of the two nodes Bush and “Saddarii— are much higher than other nodes.
Any text containing BusH and “Saddarfimany times has high node match degree with l@ngytweight.

Table 6. The experimental results on the edge nagghee with long-term weight.
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=5 1=1C  1=25 Order, [ 1=5 i=1C  1=25 |

sets 2 3 5 sels 4 5 5
sely 1 2 4 sely 0 0 5
ses 0 2 5 ses 0 2 5
ses 1 1 4 ser 0 0 4
sel 1 2 5 se1 1 3 5
S€s 0 1 2 S€% 0 0 1

(€)) (9))
Order, i=5 1=1C =25 Orders i=5 1=1C =25
sets 5 5 5 <ets 4 5 5
sely 0 1 5 sely 0 0 5
ses 0 0 4 ses 0 1 5
ses 0 1 4 sesr 0 0 5
sel 0 3 5 sel 1 4 5
S€% 0 0 2 S€s 0 0 0

© (d)

The edge match degrees with long-term weight betwlee texts in the testing set and the interegilgeae
calculated. The texts with the firs{i = 5, 10, 25) edge match degrees are recommendedeXgeriment is
performed three times by rerunniRgndomOrde(). The order of partial reading histories remaitable. The
results are shown in Table 6 (b), (c), (d). Wherb, the most recommended texts belongeip Wheni = 10,
the most recommended texts belongagU set. Wheni = 25, the most recommended texts belongetipU
sekUseg U set U set. The results demonstrate that the angle-basesttmodel can effectively recommend
texts according to the long-term link interest.

Fig. 11 shows the average match ratios of Table)6(€), (d) and the match ratios of the three ke
methods. When= 25, the four methods work well because the recenttad texts from the four methods are
relevant to the reading history. Wher 5 or 10, the match ratios from the angle-baséerést model are
much better than the baseline methods. So the 4wagled interest model is more effective than trselbze
methods for recommending text according to the H@mm link interest.

100.00%
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80.00% -
70.00% -
60.00% -

B Our model

50.00% - CcBM
40.00% - Time-CBM
30.00% - H Dis-CBM

20.00% -
10.00% -
0.00% ~

i=5 i=10 i=25

Fig. 11. The average match ratios of the threersritieTable 6 and the match ratios of the threelbesmethods.

Appendix E. Experiments on complex angles

E.1 Experiment on the angle that concerns the néovrmation on the short-term interested objects

Data-Testl is used. 12 topics are randomly chosen from €htopics. T, denotes tha texts chosen from
them™ topic. Tm denotes the texts fromt" topic. Four partial reading histories are obtaiasdollowing,

PRH, = RandomOrdg(iT;, T°,),

PRHZ = RandomOrde(r'I'sg, T54, Tlg, Tllo, T211),

PRH; = RandomOrde(T®s, T%, T, Tl10, T?12),

PRH, = RandomOrde(T>;, T, T, %10, T°11, T°12).

Once a text appears in one partial reading histodges not appear in another partial readingohystin
the partial reading historie3s and Tao are distributed ilPRH,, PRH; and PRH,; Ta; is distributed inPRH;
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andPRH;; Ti2 is distributed irPRH andPRHs. The partial reading histories are merged into whele read-
ing history asPRH — PRH, — PRH; — PRH.. The texts inPRH; are most close to the current time. An
interest graph is obtained by scanning the whadelirg history. The main objects Th andTg are recently
interested objects and do not appear before. Steitte inT; and Ts meet the angle that concerns the new
information on the short-term interested objects.

FromT; to Tg, 3 texts are randomly chosen from the rest tekésaoh topic (total 24 texts). And each topic
from To to T12has 3 rest texts (12 texts). The 36 (24+12) teotts fa testing set. According to the combination
of the match degrees of the angle that concernsdheinformation on the short-term interested otsjedi =
6, 12) texts are recommended from the testingi$eee different coefficient vectors are set as showrable
7 (a), (b) and (c). The experiment is preformeeé¢htimes with three different orders of the panedding
histories. The average values of the results othitee orders are calculated. There are three tatets.

(2). If the coefficient vector is the default valueTable 7 (a), the results should mostly belamd+andTs
because the texts iy andTg meet the angle most closely. Exc&ptandTs, the results should mostly belong
to Ts, Te andT12 because the texts in the three topics meet thie aegond most closely.

(2). If a user sets the coefficient vector@g in Table 7 (b), the results should be more relet@the objects
in PRH.. So, the results, except andTs, should be more distributed T3-T1> compared with Table 7 (af:Vi
means the user prefershort-term interestédo “new.

(3). If a user sets the coefficient vectoiGs in Table 7 (c), the results should be more relet@athe objects
which are not long-term interested in. So, the ltesexceptT; andTs, should be more distributed T-Ts
compared with Table 7 (V. means the user prefensew to “short-term interested

The experimental results in Table 7, especiallyabherage values, match the three expectationsheSarn-
gle-based interest model is effective to handleathgie that concerns the new information on thetdleom
interested objects. And the recommended texts cityrehange with the coefficient vector.

Table 7. The experimental results on the angledbiaterns the new information on the short-terraregted objects
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E.2 Experiment on the angle that concerns the ndwstructure containing the long-term interestdyjects
Data-Test 2is used. A whole reading history is formed by nmgdollowing partial reading histories one

after anotherset denotes 100 texts from the Internet which ardemant withsek (k= 1, 2, 3, 4, 5). And the

texts inset are irrelevant with each other.

PRH= RandomOrde(set%, set;), PRH= RandomOrde(set%, sef,), PRH= RandomOrde(set%, sef,),

PRH= RandomOrde(set%, set%), PRH= RandomOrde(set%, sef,), PRH= RandomOrde(set%, set),

PRH= RandomOrde(set%, set%).
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set%, sefy, seb, denotes different sets of texts in differ®RHs. Because the texts sét do not appear in
the reading history and the main objectsen, seb, set, set, set andset are similar, the link structure set
is neither short-term nor long-term and contairesltdng-term interested objects. So the textseifimeet the
angle that concerns the new link structure contaitihe long-term interested objects.

Except the texts in the whole reading history, essthfromset to set has 5 rest texts (total 20 texts), plus
10 texts fronset and the 30 rest texts froset, the 60 texts form a testing set. The fir§t= 10, 20) texts are
recommended from the testing set.

In Table 8 (a), the coefficient vector is set as dlefault value. The ideal results are: (1)#f 10, the ideal
results are the 10 texts set; (2) If i = 20, the recommended texts belongés andset. The reason is that
the texts inset satisfy ‘Low edge match degree with short-term weigind “Low edge match degree with
long-term weightmore close than the texts in other sets. The exmat is performed three times with three
different orders of the partial reading histori€ke results are shown in Table 8 and match thd idsalts.

Then we give different coefficient vectors@¥: = (0.2, 0.6, 0.2) an@V- = (0.2, 0.2, 0.6). In Table 8 (b),
CVi1 emphasizesliow edge match degree with short-term weéigttiich means the user wants to ensure the
recommended texts do not meet the short-term hitdrést CV. emphasizeslow edge match degree with
long-term weight which means the user wants to ensure the recometetexts do not meet the long-term
link interest. So the recommended texts should beerdistributed irset andset while settingCVi, and the
recommended texts should be more distributezbin set andset while settingCV,. Table 8 (b) and (c) show
the experimental results which match the above @&atiens. Therefore the angle-based interest misdef
fective to handle the angle that concerns the niekvdtructure containing the long-term interestdseots.
And the recommended texts correctly change wittctiedficient vector.

Table 8. The experimental results on the angledtaterns the new link structure containing thgiterm interested objects

(& Cv=(0.33,0.33,0.3. Orden Order, Orders AVG

i= 10 | 2C [ IC [ 2C | IC [ 20 | 10 | 2C
se 0 0 0 0 0 0 0 0
se? 1 3 0 1 0 1 |0.3%|1.67
ses 1 5 2 4 1 6 |13 5
sey 0 2 0 4 0 3 0 3
Ses 8 1C 8 1C 9 10 | 8.3 | 1C
S€% 0 0 0 1 0 0 0 ]0.3¢
(b) Cv1=(0.2, 0.6, 0.z

se 0 0 0 0 0 0 0 0
se? 0 3 0 3 1 1 |0.3%|2.3¢
ses 4 7 3 6 4 8 [367| 7
sey 0 0 0 0 0 0 0 0
Ses 6 1C 7 1C 5 10 6 10
S€% 0 0 0 1 0 1 0 |0.67
() CV.=(0.2,0.2,0.¢

sey 0 0 0 0 0 0 0 0
sey 0 0 0 0 0 0 0 0
ses 2 4 2 4 1 5 ]1.67|4.3¢
se; 2 6 3 6 2 4 | 232|538
Ses 6 1C 5 9 7 10 6 | 9.6i
S€% 0 0 0 1 0 1 0 |0.6i

Appendix F. Experiments on coefficients
F.1 Experiment on the descending function in calting the short-term weight

This experiment is to evaluate the performancdefangle-based interest model while setting diffeten
equation (8) and compareXk) with other typical functions!. is tested from 1.0 to 4 step 0.1. The values of
out of the range lead to low and unstable perfogeanis set within different areas as shown in Fig. B@r
each value of, one match ratio on the node match degree withi-¢bon weight and one match ratio on the
edge match degree with short-term weight are obthihrough conducting the two experiments on steort
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object interest and short-term link interest. Tesufts are shown in Fig. 12. When 1.1 <= 1.2, the results
are better than others. But there is not a cextaine of4 in [1.1, 1.2] that can always achieve best perfor-
mance while facing different orders of the pantedding histories.

100% -

90% |
a 32:2 ] N 00 o © 1.0<A<=1.1
S 60% | X % ® O 0 1.1<A<=1.2
g 50% | A A X B O X 1.3<A<=1.5
0 40% - A BN K X + 1.6<A<=1.8
B 30% - O/ @ ¢ + A 1.9<h<=2
S 20% 1 o8¢ 0 2<A<=4
® 10% o <

0% :

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Matchrartioon NMD

Fig. 12. The match ratios by setting differénThe match ratios on the node match degree witht-$&rm weight come from the experi-
ment on short-term object interest. The match satinthe edge match degree with short-term weigimecfrom the experiment on short-
term link interest.

Two typical functions are compared wigi{k). One is a linear function: k1)/SIZE the other is an expo-
nential function:e®Y, Fig. 13 shows the experimental results that destnate Q(k) is better than the two
functions.
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Fig. 13. The match ratios on the node match degitbeshort-term weight and the edge match degrdie stiort-term weight by using
different functions. The horizontal axis represehtsmatch ratios on the node match degree with-t#on weight. The vertical axis
represents the match ratios on the edge matchalegpte short-term weight.

F.2 Experiment on the coefficients in calculatihg tistributing coefficient

The experiment is to test the performance of thigeabased interest model while setting differenn and
a in equation (10). Becausedoes not influence the comparison between the suwayeven distributiorm
andn are firstly tested.

The ITA/IFA array in the calculation of the distributing ceafint can be equivalently considered as 0-1 ar-
ray. 300 O0-1 arrays are randomly generated as @pgrbtesting data. Each array contamEomponents. If
two arrays can hardly be intuitively compared beeaof the similar distribution, one of the two ggas re-
moved.number_remairarrays are obtained and get an ideal rank bytimély comparing the even distribu-
tion of the arrays. On the other hand, a rank tsiabd by calculating and comparing the distribyitboeffi-
cients of thenumber_remairarrays. Given two arraysandd, if ¢ is befored in the ideal rank and is afterd
in the calculated rank, or the opposite, therd) is a wrong pair. Assuming the number of wrongp&wy,
the match ratio of the distributing coefficieMRoc) is defined as equation (15),

w, X2
MRy = — '
(number_remain-1) x numberremain

For certainm andn, the process is performed 6 times (First times 50, second timey. = 100, third time
ne = 150, 4' timen: = 200, §' time n. = 250, §' time n. = 300) to get the averad#Roc as shown in Fig. 14n

(15).
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andn change from 1 to 8 step 1. Whaw3 andn=2, MRpc is better than others. Whem<= n, MRy¢c are
relatively low.

100.00% —— 1
. m=
e highest (m=3, n=2)
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Fig. 14. The average match ratios of the distrimutioefficient whemm andn change. The vertical axis represents the matabsraf the
distributing coefficient. The horizontal axis repeatsn. Each curve represents a valuerof

Givenm=3 andn=2, different values od are tested as shown in Fig. 15. Wheis around 0.6, the match
ratios of the node match degree with long-term weand the match ratios of the edge match degrée wi
long-term weight are relatively high. The horizdraais represents. The vertical axis represents the match
ratios while performing the two experiments on ldagn object interest and long-term link interest.
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Fig. 15. The match ratios wherchanges. The match ratios on the node match dedfteéong-term weight come from the experiment
on long-term object interest. The match ratiostenegdge match degree with long-term weight comma fiee experiment on long-term
link interest.





