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Abstract. In this paper we have highlighted five existingpagaches for introducing
personalization in OLAP: preference constructonmaginic personalization, visual
OLAP, recommendations with user session analysisracommendations with user
profile analysis and have analyzed research papiéngs these directions. We have
pointed out applicability of personalization to ORAschema elements in these
approaches. The comparative analysis has been imaméder to highlight a certain
personalization approach. A new method has beemopeml, which provides
exhaustive description of interaction between wmail data warehouse, using the
concept of Zachman Framework [1, 2], according toctv a set of user-describing
profiles (user, preference, temporal, spatial, greftial and recommendational) has
been developed. Methods of profile data gathering) processing are described in
this paper.
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1 Introduction and Related Work

The OLAP applications are built to perform analgtitasks within large amount of
multidimensional data. During working sessions vVithAP applications the working
patterns can be various. Due to the large volunietata the typical OLAP queries
performed via OLAP operations by users may retarm much information that
sometimes makes further data exploration burdenireyen impossible.

A query personalization method that takes user slikend dislikes into
consideration exists in traditional databases $3hilar ideas seem attractive also for
research in the data warehousing field and thecédipy of this issue is demonstrated
in the recent works of many authors on data warsh@ersonalization.

There are various aspects of data warehouse péirsditan.

Data warehouse can be personalized at the scheria[4d. As a result, a data
warehouse user is able to work with a personal2edP schema



Users may express their preferences on OLAP qugbksin this case, the
problem of performing time-consuming OLAP operasidn find the necessary data
can be significantly improved.

One of the methods of personalizing OLAP systemstoisprovide query
recommendations to data warehouse users. OLAP reeodation techniques are
proposed in [6] and [7]. In [6] former sessionstloé same data warehouse user are
being investigated. User profiles that contain upeeferences are taken into
consideration in [7], while generating query recoemaiations.

Other aspect of OLAP personalization is visual espntation of data. [8, 9]
introduce multiple layouts and visualization tecjugs that might be interactively
used for different analysis tasks.

Our experience in using standard applications fadpcing and managing data
warehouse reports in the University of Latvia adlwe participation in scientific
projects and development of our own data warehogerting tool [10] served as a
motivation for further studies in the field of OLAgersonalization. We consider a
reporting tool, developed in the University of Liatvas an experimental environment
for introducing OLAP personalization. All modelsegented in this paper currently
are not used in practice, however, it is plannegdutbit to use after proper evaluation
that will follow.

As stated in [5], OLAP preferences deserve moenttn by researchers.

The rest of the paper is organized as follows:i@ec2 introduces a review of
existing OLAP personalization approaches; sectiontr®duces the concept of user-
describing profiles; section 4 presents a method tiser-describing profile
constructionsection 5 concludes the paper.

2 OLAP Personalization Approaches

In this section various types of personalizatiorOEAP schema personalization,
personalization during runtime, visual personalimatof query results, etc. — are
briefly described.

The first approach to be considered is OLAP schgmaesonalization with
Preference Constructor@C). An algebra that allows formulating of preferenoes
attributes, measures and hierarchies is defined5jn An important feature of
proposed algebra is an opportunity to express pedes for hierarchy attributes of
group-by sets, which consequently leads to exprggsieferences for facts. Rollup
function is used to outspread preferences appliedittributes along the whole
hierarchy. Preferences can be defined on bothbatés and measures, i.e. on
categorical or numerical attributes.

The next approach iBynamic PersonalizatiofDP). The time and method of
creation of an adapted OLAP cube define the typgarkonalization — static or
dynamic. Static OLAP personalization means that different users of the data
warehouse diverse OLAP cubes are created durinmyrdésne. Dynamic OLAP
personalization means that an adapted OLAP culmeested during the execution



time according to the needs and performed actidnheo user. Authors [4] cover
dynamic OLAP personalization, because it is a noomaplicated task as it involves
explicit or implicit interaction with user. Basech &ECA-rules Event-Condition-

Action, see [11]), PRML Rersonalization Rules Modeling Languagkescribed in

[12]) is used in [4] for specification of OLAP persalization rules.

Visual personalization of OLAP cube Visual OLAP (VO)- may also be
considered as a personalization action. The corafegtsual OLAP is disburdening
the user from composing queries in “raw” databag#ax (SQL, MDX), whereas
events like clicking and dragging are transforma&d valid queries and executed [9].
In [7, 8, and 13] authors present a user interfacé@LAP, where user is explicitly
involved. In [8] users are able to navigate in disienal hierarchies using a schema-
based data browser, whereas in [7, 13] users areided with an interface for
formulating queries by means of manipulation wittaghical OLAP schema and
rules.

The last two approaches for personalization in Oli&Me considered are based
on providing query recommendations to the user bgms ofUser Session Analysis
(RUSA)andUser Preference Analys{RUPA)

The idea olRUSAIs described in [6], where users’ previous datalyesis patterns
using OLAP server query log during sessions arenraianto consideration. Cube
measure values are being compared and a significaenpected difference in the
data is being detected. The emphasis is not ommeemding queries from sessions
that are prior to the current session, but on renending queries from all sessions,
where user found the same unexpected data as fientigession. In this approach
user preferences are not taken into consideration.

RUPA approach is presented in [7], where a contextédasethod for providing
users with recommendations for further explorai®proposed. An analysis context
includes two disjoint set elements (i.e. a set &fAP schema elements — cubes,
measures, dimensions, attributes, etc. and a #st\adlues).

Both types of user preferences — schema- and deletezl preferences — are stated
in the user profile and ranked with relevance s€aneal number in the range [0; 1]).
The idea of ranking preferences is also mentionefd 3]. User preferences later on
are used in generating recommendations, filteringcammendation with the highest
overall score and displaying it to the user. Pezfees in user profiles are also used
for comparing queries and personalizing query tegsiialization in [14].

We have provided an evaluation in order to poirit ipypersonalization options,
described in these approaches, and its applicakitit OLAP schema elements,
aggregate functions, OLAP operations, ii) the tgpeonstraints (hard, soft or other),
used in each approach, iii) the methods for obtginiser preferences and collecting
user information. Detailed comparison of observedspnalization approaches is a
subject of a separate paper [15].



3 TheConcept of User-describing Profiles

In order to cover different aspects of persondbratwe proposed a model for each
profile that describes the user. The basic idealefelopment of user-describing
profiles is inherited from Zachman Framework condép2]. Zachman Framework is
an ontology that allows describing an arbitrary egbjfrom different viewpoints
(temporary, spatial, etc. aspects). We used Zachifnamework concept to give a
detailed characteristics of data warehouse useeraddtion with the system
environment. To identify and develop profile, th@ldwing questions were used:
wha, what how, when whereandwhy. Similar method has been applied in the field
of data warehouses by [16, 1A] detailed representation of used-describing paefil
is provided in Table 1.

Table 1. User-describing profile diversity

Question Description Profile Type

What is the user expecting
to get as a result?

User preferences data Preferential

) Basic user data (personal data, session, activity|
Whois the user? j User
rights, etc.)

) User physical location data & geolocation, )
Where is the user located? ) Spatial
according to user IP-address

When does the user

) ) Time characteristics of user activities Temporal
interact with the system?

Characteristics of user device (i.e. PC, laptop,
How does the user & mobile phone, etc.), which is used for signingsn alnteraction
system interaction happenp well as user software (e.g. web browser)

characteristics

. User preferences are being gathered and analyzed.
Why the user is interested

T } Recommendations are generated, according to psecommendational
in this particular system?

characteristics and preferences.

Proposed profiles describe user environment, iifferdnt aspects of data
warehouse user interaction with the system. Usmtial, temporal, interaction and
preferential profiles altogether compose a vemsatdscription of the data warehouse
user. The limitations of user-describing profilesg. incomplete or contradictory
profile information, evolution of profiles, profilattribute updates, etc., are not
discussed in this paper and are a subject fordutark.



4 TheMethod for Profile Construction

User, interaction, temporal and spatial profilegsist of attributes that describe the
user. To construct sets of attributes for each eftioned profiles, the certain method
has been applied.

Table 2. Information sources of the user profile attributieagment)

User Profile Attributes I nfor mation Sour ces
Salutation, FirstName, LastName [18, 19, 21]
InformalGreetingName, FormalGreetingName, Suffithricity [18]

Gender [19, 21]

Username, Citizenship, BirthDate, MaritalStatus [19]

Residence, AgeGroup [23]

The method for profile construction includes studydf data warehouse literature
(e.g., [18, 19, 20], etc.), CWM standa@ofnmon Warehouse Metamadste [21]),
scientific and technical articles (e.g., [22, 23}.), as well as practical experience in
data warehouse field and working with data warebdaosls (e.g., Oracle Warehouse
Builder) and web-services (e.g., [24, 25, 26],)etdser-describing profiles have been
built by means of collecting various attributesnfrdifferent information sources (see
Table 2).

Role 1. —
Activity

- User 1
Session 1

E 1 ? s
| | |

Personal Work Educaton

Fig. 1. User profile class diagram

An attribute set of each profile has been logicalpjit into classes in order to
compose user-describing profile class diagram. Ps#file class diagram is depicted
in Fig. 1. However, attributes of user profile glas are omitted and other profile class
diagrams are not presented in this paper due tdéations of space. A short
description of user-describing profile classes faillow.



User profile classes:

Role— contains the user system role attribute,

Personal- contains 28 user personal information attribfeeg. first name, last
name, gender, ethnicity, marital status, age groupent passport nr., etc.),
Work — contains 25 attributes, describing user word. (position, company name,
total years of experience, business tip day coenyear, etc.),

Education — contains 11 attributes, describing user educaf®.g. currently
student, educational institution, year of graduatitiploma nr., honors, etc.),
Session- contains 9 attributes, describing user sesdianacteristics (e.g. session
start, session length, success status, sessionsgg®on context, etc.),

Activity — contains 4 attributes, indicating user actig@yg. hit count & spent time)
on a certain webpage in a certain period of timg. fell date),

Rights— contains 7 attributed, describing user rightscfertain objects (i.e. table,
column, etc.) of reporting tool (e.g. can read, edit, can delete, condition, etc.).

Temporal profile classes:

StandardCalendar contains 22 standard calendar attributes (eg.ndimber in
month, month abbreviated, month number in year),etc

FiscalCalendar— contains 12 fiscal calendar attributes (e.gcafisconvention,
fiscal week, fiscal year start date, fiscal quantéce.),

Time — contains 7 non-calendar attributes and attribtivat represent date as a
number (e.g. hour, SQL date stamp, seconds sindeighit, Julian date, etc.),
TimeStatus- contains 12 attributes of yes/no type (e.g.daylj weekend, last year
in month, peak period, etc.),

DomainSpecific- contains 13 attributes, specific for one or hantdomain (e.g.
time-characterizing attributes of educational domaae semester, acad. year, etc.),
SpecialPeriod- contains 7 attributes that describe certainn@dnor spontaneous
global or local events (e.g. selling season, Ispaicial event — for instance, short-
term strike, or global special event — for instares@thquake or volcano eruption).

Spatial profile classes:

PhysicalLocation— contains 22 attributes, describing person’'s miaysaddress
(e.g. street name, street direction, suite, cogitdey city, country, etc.),
LocationBylIP- contains 14 attributes, derivable from user IBrasls by means of
web-services (e.g., postal code, time zone, comtjtatitude, longitude, etc.).

Interaction profile classes:

WebAccess contains 15 attributes, describing operatingesysweb-browser and
Internet connection properties (e.g., connectiaed),

Functional —contains 26 attributes, describing web-browsectional properties
and supported applications (e.g. AdobeAcrobat, Kme, RealPlayer, etc.),
VisualLayout— contains 12 attributes, describing visual layouperties in web-
browser (e.g., color depth, browser dimensiong, $omoothing, font sizing, etc.)



We claim that each class may be complemented watte mttributes, if necessary.

Preferential and recommendational profiles’ cordtom method differs from
previously described.

While stating preferences, the user is able tacsekltributes from user, interaction,
temporal and spatial profiles. Multiple scenarieghich describe user preference
types, have been considered, while constructinfppetial profile.

Recommendational profile contains sets of prefersrnihat belong to different
users. In this paper the idea of recommendatioreldpwment algorithm has been
proposed.

User-describing Profile Connections and Data Sources

One user may have more than one spatial, tempiotatactional, preferential and

recommendational profile. User-describing profigections are depicted in Fig. 2.
For instance, signing in to system using PC or pgneads to construction of two
separate interaction profiles belonging to oneatertiser that contain different data
about the device screen resolution. Thus, the sityeof user-describing profiles

gives an opportunity to apply personalization, atijig the report structure, its visual
layout and its contents, according to data in wescribing profiles.

*
Interaction | «
Temporal .
*
1 1
- - 1
Spatial User Preferential 1
% 1
* *
1
* 1 *

Recommendational

Fig. 2. User-describing profile connections

Preferential profile is connected with temporalatsd, user and interaction
profiles, because the user may state his/her mmfes on attributes of mentioned
profiles.

Recommendational profile contains sets of userepeettes, which may be useful
when the user is not determined about the waydhert should be personalized. In



this case he is offered to choose from other ussfepence sets. In this paper each of
such user preference sets is considered as a rezuation.

A single profile may contain many attributes witdues assigned. However, there
may be multiple data sources to collect the prdditibutes from (Fig. 3.). Let’s
consider the following data sources.

Context Data Static Data Activity Data Analysis Data

Recommendational

Preferential

Explicitly Entered Data

:l - Explicitly Entered Data
- Explicitly Entered Data & Other
- Analysis Data

Fig. 3. User-describing profile data sour ces

Contextdata (i.e. data about the device used, operaiste®, IP-address, web-
browser, etc.) describes the environment, in whieporting tool is being used.
Context data are gathered automatically by meansebfservices [24, 25, 26]. All
the interaction profile attribute values are coht@ata, as well as part of the spatial
profile attributes (i.e. geolocation by IP-address)

Static data are gathered from data warehouse dimensiobhué¢ values. All the
temporal profile attributes’ values and part oftigdaand user profile attribute values
are static.

Activity data is derivable from data warehouse log-tabtesiser profile, activity
data indicates the intensity of usage of the répprool, defined by user hit count
and spent time.

Analysis data refers to recommendational profile as recondagons are
generated after analyzing of user preference profil

Explicitly entereddata is data, entered by user manually. All thefepeatial
profile values, which indicate the importance otar another user preference (i.e.
degree of interest, weight or priority), are ga#ltefrom the user explicitly. It is
shown in Fig. 3. that explicitly entered data icegtable in interaction, spatial,
temporal and user profiles, because the user cn and/or edit attribute values of
mentioned profiles.



User Preference Modeling Scenarios

Before developing user preference metamodel, it w@sortant to classify user
preferences for reports. To reach this goal, variger preference modeling scenarios
have been considered, which later have been dividedwo groups:

» Preferences for the contents and structure of te¢f@LAP preferences),
» Visual layout preferences.

Although, user preference metamodel contains twbtrdit classes of preferences —
OLAP and Visual layout (Fig. 4.) — in this paper wil describe in detail only OLAP
preferences. However, preferences for visual layafuteports will be covered in
separate paper.

Preferential

-TotalPreferenceQuantity
-MinimalPreferenceQuantity

1

User Preference

T

: \

OlapPreference VisualLayoutPreference

-Username

-DegreeOfinterest

-Weight -Priority

Fig. 4. Preferential profile metamodel (fragment)

Consider that the user may set preferences for Oké&Rema elements (i.e.
dimensions, dimension attributes, fact tables, mress hierarchies and hierarchy
levels) and aggregate functions, used for groupihglata. OLAP preference may
apply to OLAP schema element (or aggregate fungtiwhich appears in single or
multiple reports, or doesn’'t appear at all. Moreowueis possible to set restrictions on
data in one or several reports. We suggest thewoily user preference modeling
scenarios in order to motivate and illustrate thefgrential profile metamodel
(demonstrated with preference examples):

ScenarioA.
User preference contains an OLAP schema elemeaggregate function.



User preference refers to OLAP schema element gneggte function, regardless
of the report in which the given OLAP schema elenmeraggregate function is used
(if it appears in any report at all).

Example AThe user is interested in Program dimension, whimfitains descriptive
attributes of study program. The appearance of dirisension in one or several
reports is not an indispensable condition, meattiag if in the given period of time
there are no reports where Program dimension @lved, the preference still exists
and may be applied later, when at least one repattcontains Program dimension is
created.

Scenario B
User preference contains an OLAP schema elemerdggregate function in the
context of a certain set of reports.

Apart from OLAP schema element or aggregate functicser states in his/her
preference a certain workbook that may containgilken OLAP schema element or
aggregate function. In the reporting tool each Wwodk contains one on more
worksheets, and each worksheet represents a sape.

Example B StudentGrades workbook contains multiple workshedth reports about
student exam grades, grouped by faculties, coussas and semesters. Besides,
each report is of different level of data grandlariThere are two hierarchies —
Faculty hierarchy: Faculty —> Course, and Time driglny: Year —> Semester. The
user is interested in reports that represent yeantgmary information about average
student grade in each course. Thus, user prefesamee

i) Acceptable aggregate function is average (AVG),

i) Faculty hierarchy level is Course,

iii) Time hierarchy level is Year.

Scenario C
User preference contains an OLAP schema elemerdggregate function in the
context of a certain report.

One and the same dimension attributes may be gdoupeeveral hierarchies.
Thus, in terms of a single report, more than oreganchy may be defined. In this
scenario the user is going to choose, which hibsaor hierarchy levels are of more
interest.

Example C Consider a report on student activity in a coursmagement system.
There are two distinct hierarchies in this repoftimel hierarchy: Year —> Month —>
Date, and Time2 hierarchy: Week —> Date. The usgesin his preference that he is
more interested in hierarchy Timel.

Scenario D
User preference contains restrictions on datasievaral reports.

Preference refers to multiple reports that conthengiven OLAP schema element
and a certain value. In this scenario the user aeestriction on data in scope of a
workbook.



Example D The user is interested in data on student redjstr to courses during the
last semester. So, the following preference fod&miRegistrations workbook will be
set: Semester attribute value is equal to “Autur@hep.

Scenario E
User preference contains restrictions on dataniglsireport.

Preference refers to one report that containsittend®LAP schema element and a
certain value.
Example E GraduatedStudents worksheet reflects yearly datdotal number of
students that graduated in each study program., Tises-defined preferences are:

i) StudyProgram attribute name is equal to “MastérSomputing”,

i) User is highly interested in last year date, ¥ear attribute is equal to “2010".

OLAP Preferences Metamodel

A metamodel that describes OLAP schema preferencedepicted in Fig. 5.
OlapPreference class has two attributes — usegsedeof interest (DegreeOfinterest,
doi [3]) and preference weight (Weight). For instanBegreeOfinterest attribute
values may be the following: very low, low, mediutmigh, very high. Weight
attribute value is a real number from the interi@&l 1]. Preference weight is a
numeric equivalent of user’s degree of interesti¢lvimay be corrected if necessary).
For example, medium degree of interest corresptmageight value 0.5, low degree
of interest — to weight value 0.2, etc.

OlapPreference is an abstract class, which spiits two classes — Schema-
Specific and Report-Specific preferences.

Schema-Specific preference does not have a cofdgert Scenario A), meaning
that it does not refer to a specific set of repires workbook) or a single report (i.e.
worksheet). However, Schema-Specific preferencersefo OLAP schema as a
whole. Preference of that kind contains degree nbérést, weight and type of
preference element. PreferenceElementType classilies the type of preference
element, which may be either OLAP schema elemeigt @mension, fact table,
attribute, etc.) or an aggregate function.

One may consider one or several workbooks (seeaficeB and D) or one or
several worksheets (see Scenario C and E). Atgsbuatf classes Worksheet and
Workbook are described in [27]. In Report-Specificeferences one or more
preference type elements may be included (see BosrB-E), and vice versa, a
single preference element type may be used in pheiltiser preferences.

Report-Specific preferences also include restmgion report data. Each Report-
Specific preference may contain a set of conditi@wnditionSet). A Condition class
is devided into two subclasses: SimpleCondition a@bmplexCondition.
ComplexCondition consists of two or more simple dibons (SimpleCondition),
joined with a logical operator (AND, OR). SimpleGltion consists of two
expressions (Expression) and a comparison opef@mmparison). Typically, one of



expressions is a preference element type and ther aine is a constant value
(ConstantValue), which is either a string of synsbot a numeric value. It is allowed
to apply the following comparison operators: =, x=, >, <, I=, IN, NOT IN, IS
NULL, IS NOT NULL, LIKE, NOT LIKE, BETWEEN, NOT BEWEEN, EXISTS,
NOT EXISTS.

OlapPreference
-DegreeOfInterest
-Weight
* Workbook
-Name
Hierarchy %
L | . .
Schema-Specific Report-Specific
Level * 1.*
1k . 1 L Worksheet
-N
SchemaElementType * ame
Dimension D
I
1.* *
0.1
PreferenceElementType —
Attribute 4| >-Name . ConditionSet
I -Name
FactTable
1.* -{ordered}
Expression 2 —
[ Condition 2
Measure Name
AcceptableAggregation L Constantvalue 1 " — T —
Value SimpleCondition ComplexCondition
1
Comparison LogicalOperator 1
-Value -Value
1

Fig. 5. OLAP preferences metamodel

Concept of Recommendational Profile Development

Sometimes a user has no idea about what kind @f kdatis able to find in data
warehouse reports. Let's consider that data wahawser has not created his
preferential profile. In this case he/she may usdepences, which are set by other
users that have something in common with the speci$er. Such approach is
common for recommender systems. There are seviéeainy methods for providing
recommendations to users in recommender systemterntebased [28], collaborative
[28], rule-based [28, 29], demographic [30, 31] &ythrid (i.e. a combination of all
mentioned methods) [32]. In our approach we makehybrid filtering method.



Let’'s consider any attribute value that is shargdabgroup of users from user-
describing profiles as a possible common trait. iRstance, Educationallnstitution =
“University of Latvia”, Faculty = “Computing”, Agefeup = “20-25", WebBrowser =
“Mozilla Firefox”, etc.

Reporting Tool User

Sign in

Cshow user-describing profile dat%

attribute values

Explore attribute values

Gelect users with accepted attribute values

Edit attribute values?

users

Assign attribute values Accept profile attribute values

Gelect users' sets of preference§
attribute values

recommendations

Z recommendations
Show recommendations
recommendations II
; ions =1
Filter recommendations <
criterion
Apply recommendations Accept recommendation profi@
j—/‘\_/ recommendation

<< datastore >> %@epeat generation of recommendationsD

Report data

Too many recommendations?

Choose filtering criterion

[no]

[yes]

Ghow links to personalized reports [no]

Fig. 6. Activity diagram for recommendational profile

Recommendation development algorithm is depictetdl& activity diagram in
Fig. 6. Let’s designate an arbitrary user of dataelouse reporting tool as udér
When uselJ signs in, the user-describing profiles (i.e. terahospatial, interaction,
user, preferential) are being displayed. Each lerafontains attributes with values,
which are captured from data warehouse staticyigctor context data sources (see
Fig. 3). UselU may look through and edit the proposed attribatees manually (if it
is necessary). According to similarity of attributelues in profiles of used and
attributes values in other users’ profiles, a $etsers is selected.

Each user may own multiple OLAP and/or visual latypreferences. In this paper
a recommendation is a set of preferences, belongpn@ certain user. Thus,
recommendation is a proposed way of personalizaig diarehouse reports.



UserU is being acquainted with recommendations of theofeelected users. If
there are too many recommendations, a user istalégluce its number by applying
some filtering criterion. For instance, some offitiering criteria may be:

» selecth most active user recommendations,

» selectn recommendations, ordered by the total weight sétaof user preferences
(i.e. a recommendation) — Tep-Bottomn, Randoma,

» selectn most recent recommendations, ordered by the tirts oreation,

» etc., wheren is a user-defined arbitrary numeric value.

When recommendations are filtered and Wwdras accepted the recommendation,
then the observed recommendation (i.e. a set of usderences) is applied in the
reporting tool. As a result the user receives littkene ore more personalized reports.

5 Conclusions and Future Work

In this paper a new method has been proposed, whislides exhaustive description
of interaction between user and data warehousegudie concept of Zachman
Framework [1, 2], according to which a set of udescribing profiles (user,
preference, temporal, spatial, preferential andomeunendational) have been
developed.

The method, suggested in this paper, consistsedbifowing steps:

1. Stating questions (what...? who...? how...? etc.) to kentite description of data

warehouse user/system interaction;

. Identifying the user describing profiles;

3. Collecting possible user-describing profiles’ &ttites from various sources of
information (see Table 2, Section 4);

4. Generating user characteristics via profile atteluafter signing in the reporting
tool;

5. Suggesting possible recommendations for new arsliegiusers of reporting tool,
based on report preferences for the contents amdtste of reports (OLAP
preferences) and visual layout preferences;

6. Report personalization: applying selected recomragons to a report.

N

A model that reflects connections among user-deisgyiprofiles and a diagram
that characterizes profile data sources has beepoped. To construct sets of
attributes of user, interaction, temporal, spatfafiles, a method that includes studies
of such sources of information as data warehotseature, CWM standard, scientific
and technical articles web-services data warehofiske University of Latvia, and
Oracle Warehouse Builder (13 different sources ndbrimation altogether). As a
result class diagrams for user, interaction, tempand spatial profiles have been
developed. Several scenarios have been providddgtribe possible ways of OLAP
user preference modeling, and followed by a metahodhich formulates user
preferences for OLAP schema elements and aggrefystetions and can be



compatible with report metamodel [27]. Recommerwteti profile contains
preference sets, belonging to different usershithpaper an idea of recommendation
development for a report tool user has been prapose

In one of our future papers a detailed descriptibuisual layout user preferences
will be presented. This paper will include scensingsual layout preference modeling
scenarios, followed by a visual layout metamodel iastance diagrams.

The goal of our future work is to integrate perdimaéion into the reporting tool,
using the method, described in this paper. It igpdrtant to research the
recommendation generation algorithms and recomntiemddiltering criteria in
existing recommender systems of different domaiesgy.( CRM, e-commerce,
entertainment, etc.). Recommendation filteringecidt will be gathered and evaluated
in order to find more suitable criteria for recormdation processing in reporting
tool.
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