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Abstract. In this paper we have highlighted five existingpagaches for introducing
personalization in OLAP: preference constructonmasinic personalization, visual
OLAP, recommendations with user session analysisracommendations with user
profile analysis and have analyzed research papéns: these directions. We have
provided an evaluation in order to point out i) queralization options, described in
these approaches, and its applicability to OLAP esth elements, aggregate
functions, OLAP operations, ii) the type of constts (hard, soft or other), used in
each approach, iii) the methods for obtaining yseferences and collecting user
information. The goal of our paper is to systengtlze ideas proposed already in the
field of OLAP personalization to find out furtherogsibility for extending or
developing new features of OLAP personalization.
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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 volunfietata the typical OLAP queries
performed via OLAP operations by users may retarm much information that
sometimes makes further data exploration burdenmgven impossible. In case of
too many constraints chosen the result set camripgye In other cases, when the user
tries to explore previously unknown data, the OLddrery result may highly differ
from expectations of the user. Thus, the user tiseraimited in expressing his/her
intentions or likes and dislikes in order to getrensatisfying results.

A query personalization method that takes user slikend dislikes into
consideration exists in traditional databases [3p, in case of executing a
personalized query, the user gets more appropriegelts. Similar ideas seem
attractive also for research in the data warehgufigld and the topicality of this
issue is demonstrated in the recent works of maumposs on data warehouse
personalization.

There are various aspects of data warehouse péirsditan.
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Data warehouse can be personalized at the scheweh [2] use the data
warehouse multidimensional model, user model anésréor the data warehouse
personalization. As a result, a data warehouseisisdaie to work with a personalized
OLAP schema, which matches his needs best of all.

Users may express their preferences on OLAP qug8ksin 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 [4] and [5]. In [4] former sessionstloé same data warehouse user are
being investigated. User profiles that contain upeeferences are taken into
consideration in [5], while generating query recoemaiations.

Other aspect of OLAP personalization is visual espntation of data. [6, 7]
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 (Ua$ well as participation in
scientific projects and development of our own dataehouse report management
tool [8] served as a motivation for further studigs the field of OLAP
personalization. It has been stated that both t¢silndard and newly-developed)
allow defining ad-hoc queries, displaying repodstables and graphs and analyzing
data using hierarchies. Users with administratgits may modify other user right for
data warehouse report creating, exploring and reditA user may adjust visual
representation of the workbook, which contains gateel reports (e.g. change font
color and style, etc.). Since options to persoealiata warehouse reports by means of
these tools are currently very limited, we consitlee report management tool,
developed in the UL, to be an experimental envirenimfor introducing OLAP
personalization.

As stated in [3], OLAP preferences deserve momnttn by researchers. In this
paper an overview of different OLAP personalizatepproaches is presented. The
goal of our paper is to classify the ideas thatehleen already proposed in this field
in order to find questions that still remain unaasyd.

The rest of the paper is organized as follows:i@ec2 introduces a review of
existing OLAP personalization types and its evatimtsection 3 discusses hard and
soft constraints in user preferences as well asiodstfor gathering user information
and obtaining user preferences; section 4 concligepaper.

2 OL AP Personalization Types

To the best of our knowledge, there are various Plp&rsonalization types — OLAP
schema personalization, personalization duringimet visual personalization of
query results, etc. — which are briefly describedhis section. A comparison, which
includes personalization types and OLAP schema atsnand operations, will
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follow. Proposed comparison gives our evaluatiorpefsonalization described by
indicating, whether personalization of certain tyipeapplicable to OLAP schema
elements and operations, or not.

2.1 Description of OLAP Personalization Approaches

The first approach to be considered is OLAP schperaonalization withPreference
Constructors (PC). An algebra that allows formulating of preferencesattributes,
measures and hierarchies is defined in [3]. An irtgu feature of proposed algebra
is an opportunity to express preferences for hidmarattributes of group-by sets,
which consequently leads to expressing preferefweacts. Rollup function is used
to outspread preferences applied to attributesgalbe whole hierarchy. Preferences
can be defined on both attributes and measurespmecategorical or numerical
attributes.

Consider two kinds of preferences: base and compBx Base preference
constructors are applied to attribute, measureatihy level. Complex preferences
consist of combination of base preferences, whigh be expressed by means of
formal grammar. Base preference constructor in gnésnmar is one of predefined
operators like POS, NEG, BETWEEN or some others.

The next approach iBynamic Personalization (DP). The time and method of
creation of an adapted OLAP cube define the typgoarkonalization — 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 actidrtheo user. [2] cover dynamic
OLAP personalization, because it is a more comfditsask as it involves explicit or
implicit interaction with user. Based on ECA-rulésee [9]), PRML (described in
[10]) is used in [2] for specification of OLAP perslization rules. The structure of
such PRML rule can be presented with followingestagnt:

when event do if condition then action endlf endWen.

There are two kinds of actions proposed to be us@ersonalization rules in [2].
In order to get information about the user duringtime and update the user model or
to update values of dimension attributes and cubasnres, aet-action is used (e.g.
for calculating user’s degree of interest in certalimension attributes). To
personalize multidimensional modéide-actions are used on OLAP schema objects
(e.g. ahide-action may be executed, if the user’'s degree tdrést in a certain
dimension attribute is lower than a pre-definedigal

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 [7].
In [5, 6, 11] authors present a user interface @AP, where user is explicitly
involved. In [6] users are able to navigate in disienal hierarchies using a schema-
based data browser, whereas in [5, 11] users areided with an interface for
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formulating queries by means of manipulation wittaghical OLAP schema and
rules. The query is composed by the user when @edstects a measure and an
aggregation function [6]. Dimensions for “drillirdpwn” are chosen and the values
are set as filters. Having selected the measurettandggregate function, the user
simply drags any dimension folder into the visugtiian area to create a new level in
the decomposition tree. The decomposition tree is gained from an agdgeegeeasure
as a root, splitting it along chosen dimensiondfeént layouts for decomposition
trees are proposed in [6].

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

The idea ofRUSA is described in [4], where users’ previous datalyasis patterns
using OLAP server query log during sessions arenrainto consideration. Cube
measure values are being compared and a significaexpected 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 lientigession. In this approach
user preferences are not taken into considerafioconcept of difference query for
rollup and drill-down operations as a query whossult confirms the difference of
measure values at a higher level of detail forumplbr lower level of detail is
introduced by [4]. Authors analyze user queriegcexed during users’ sessions, thus
we consider that personalization is applicable t&\P select operation.

RUPA approach is presented in [5], where a contextébasethod for providing
users with recommendations for further explorat®proposed. An analysis context
includes two disjoint set elements (i.e. a set &fAP schema elements — cubes,
measures, dimensions, attributes, etc. and a $&st\wdlues), which are represented in
a tree structure (though visualized as a multidsi@ral table). Also, restriction
predicates i.e. restrictions on measures (assdciatth an aggregate function) or
conditions on dimension attributes are included iahalysis context. Both types of
user preferences — schema- and content-level prefes — are stated in the user
profile and ranked with relevance score (a real lmemin the range [O; 1]). The idea
of ranking preferences is also mentioned in [1etJreferences later on are used in
generating recommendations, filtering a recommeodatvith the highest overall
score and displaying it to the user. Preferencessir profiles are also used for
comparing queries and personalizing query ressitalization in [12].

2.2 Comparison of Existing Approaches for OLAP Personalization

We analyzed and compared all previously describpdrcsaches to give an
overview on applying personalization of differegpeé to OLAP schema elements,
functions and typical OLAP operations. The resates given in Table 1. One axis of
the table contains the main concepts of OLAP syste@lLAP schema elements,
aggregate functions, OLAP operations. The OLAP sehelements — dimensions
and its attributes, hierarchies and its levelsesufor fact tables) and its measures —
are described a lot in the literature, also in [¥#8jgregate functions are described in
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[14]. OLAP operations slice and dice (or select)jldbwn, rollup and pivot (or
rotate) are described in [13, 15, 16]. In our corngma we use a terselect instead of
dlice and dice for the sake of simplicity, because some of thesqalization types
provide personalization of SQL-like select-querikso, here we use the tenrotate
instead ofpivot. The second axis of the table contains all preshpwescribed
personalization types. The cells of the table @iona value from a set of acronyms to
represent our evaluation: “A” — applicable: perdmagion applicability to OLAP
schema element, aggregate function or OLAP operasieexplicitly defined by the
authors of articles oRC, DP, VO, RUSA andRUPA,; “D” — derivable: personalization
applicability to OLAP schema element, aggregatetion or OLAP operation can be
derived, taking into account other personalizatispects, which are presented in the
paper (e.g. personalization considers rollup opmrabut drilldown operation is not
mentioned in the paper; in that case we say thabpalization considering drilldown
is derivable, because drilldown operation is an inverse opamatr rollup, etc.); “-" —
there is no information; personalization applicipito OLAP schema element,
aggregate function or OLAP operation is not desctilm the paper.

Table 1. Applicability of different personalization types ©OLAP objects.
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PC - A - A - A - D D A -
DP A A A A A A A A*, D** A A Ax, -**
VO A A A A A A A A A A A
RUSA A A A A A A D A A A -
RUPA A A A A A A A A D D -

In DP the extent of personalization applied to certalbA® operations varies,
depending on the approach, proposed by differetitoast Authors [11] are marked
with “*”, authors [2] — with “**".

One may observe that personalization of OLAP schelemaents is mostly present
in all proposed OLAP personalization types, exdeppreference constructorB),
where the way of expressing user preferences foedsions, hierarchies, cubes as
whole as well as aggregate functions, is not desdri However, preferences on
OLAP operations such as Select, Drilldown and Rolare not always expressed
explicitly and there is a lack of information abqatrsonalization options, considering
Rotate OLAP operation.

3 A Closer Look at User Preferences: Hard and Soft Constraints

Although the role of the preferences was recogniredpplications long ago, the
database researchers paid attention to this isslyeacound year 2000 [17, 18, 19,
20]. It was observed that in database queries WHEdRTgitions ardnard constraints

and either the non-empty result set is returnedl ithe conditions are satisfied, or an
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empty set is returned in the opposite case. Queiitbshard constraints either deliver
exactly the desired object if it exists, or rejéwt user’s request otherwise [21].

The authors of [22] defineoft constraints as functions that map any potential value
assignment into a numerical value that indicatespifeference that this value or value combination
carries In information retrieval soft constraints areedsand results are arranged,
according to its relevancy to initial query conglits. The difference between hard and
soft constraints is that soft constraints can buated, whereas hard constraints can
be either satisfied or not. User preferences egpsedt constraints. Eventually,
different approaches to use soft constraints iralshge queries have appeared [19,
20], turning database queries into “preferenceiqaérin papers [19, 21, 23, 24] an
implementation of the framework using Preferencel S® described, which is
translated to SQL, and used in several deployedicapipns. [19, 21] point out that
extending SQL by preferences will enable bettesqealized search to gain more
targeted results.

Preference SQL consists of Standard SQL constraos preferences [24].
Preference queries are specified in [23] using 4 EfH-FROM-WHERE part
(standard SQL; the WHERE-clause specifies hardtrmings) and a PREFERRING-
GROUPING part (expresses preferences i.e. softtnts) of a query. In both parts
of a preference query AND can be used to combineertitan one constraint, but in
the PREFERRING clause it has a meaning of Pareavatqr. In this case AND
prescribes combination of equally important prefess.

Our purpose is to understand, what kind of usefepeaces can be expressed in
each of OLAP personalization types earlier discdis¥ée consider the hard and soft
constraints as a means to express the user preésrem the OLAP domain the
definition of preference is proposed by [3], stating that a preference @uple of
two operators, where first states that one factievéh OLAP schema is preferred to
the other, but the other operator states that taetequivalent (csubstitutable [25]).

Table 2 illustrates, which method is applied; “+*") indicates that a method is
(isn't) applied in each of personalization typesartiSoft Constraints or Other
(meaning that the method used cannot be categaaizédrd/soft constraints).

Table 2. OLAP Personalization types and applied constraints

Personalization Type/ Method Hard Constraints Soft Constraints Other
PC +
DP
VO
RUSA -
RUPA - +

v+ ]

Preference ConstructorBE) use soft constraints as there is a possibiligdoress
user’s likes and dislikes, e.g. a user would likebtain student activity data (i.e. time
spent on exploring course informational resourcpgntity of tasks assigned and
completed, grades for completed tasks, etc.) cerisig course, namedData
Warehouses’, which is an attribute of Course dimension inadafrehouse.

Example 1. Consider a hierarchy Coursg; Study Program-y Faculty, where- is
a Rollup function over hierarchy HBiology Masters is one of study programs,
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belonging to thé~aculty of Biology. NEG(StudyProgram, “Biology Masters”) states
that data that does not map Biology Masters study program, does not refer to
courses ofBiology Masters study program and does not map to fexulty of
Biology, is preferred to all the other data.

One of the aspects of Visual OLARQ) is user browsing through navigational
OLAP schema and filtering the OLAP schema objeotdbe displayed [7]. Users’
navigation events such as clicking and draggingtianeslated to valid SQL-queries
with WHERE-clause, which in fact is a hard constram standard SQL [21].

We consider that there are hard constraints in mjo@ersonalizationQ{P) with
ECA-rules as the sets of operations with both nisakand non-numerical attributes
in condition-part of ECA-rules are the same as afpems, included in hard
constraints. In the following example “=" operatiemused when checking, whether
the data warehouse user role is “Student” or fdliel user is a student, then attribute
BusinessTrip of the dimensiorPerson is being hidden.

Example 2. Rule: hideBusinessTrip
When SessionStaiDo If (User.Role = “Student”)
Then hideDescriptor(Person.BusinessTrifdIf EndWhen

The main idea of query recommendations approadgdan investigation of user
sessions RUSA), is to find unexpected difference in the data gederate further
recommendations with the same unexpected dataasithent session.

Example 3. If there is a difference that is a drop of thkeesaf some kind of product
from 2009 to 2010, then recommended queries witit@io the same difference in
values. We consider that neither soft nor hard traimgs are used in this type of
personalization. Authors [4] use the technique tHatvelops the ideas of DIFF
operator, proposed in [26] and used for explainiegsons for sudden drops or
increases in data values.

We consider that in user profiles, utilized for geation of recommendations
(RUPA), soft constraints appear. A user may expres&shent of liking or disliking
as there is a relevance score that is associatacanalysis element of OLAP schema
[5]. Following example illustrates the usage ot sminstraints irRUPA:

Example 4. P = (‘Role # Guest’; 0.9; c), where ‘Rokg Guest' is a predicate, which
is a condition on dimension data (in other caseedipate may be a restriction on fact
table data), 0.9 is a real number (between 0 artat)indicates relevance degree (a
number closer to 0 means ‘less relevant’ and cltsdr means ‘more relevant’), c is
an analysis context, which includes analyzed cubasures (with aggregate functions
applied) and analysis axis (dimension/attributegréHc = “Activity, Time/Date>
‘01/01/2010™, which means that measures of Activitube are analyzed and
Time/Date is an analysis axis®™® = (‘Role # Guest’; 0.9; c) means that user's
interest to include condition ‘Rol¢ Guest' into qualification of user activity in
course management system is very high.



Resear ch Directions of OL AP Personalizaton 8

3.1 Collecting User Data: Explicit and Implicit Approaches

Typically there are two approaches of collectinfpiimation about the user — explicit
and implicit feedback [27]. Also, hybrid (i.e. eigit and implicit method combined)
is possible.

Methodologies forexplicit user information gathering are based on infornmatio
input by users about themselves and their intergstsrs enter information manually
or choose pre-defined values from list. The prolslamse, because the users are not
always ready to give such information. In this caseexplicit user profile could not
be built. Also, [27] points out that user may nat Yery accurate, when providing
information. User preferences may change over tilmgs information in the profile
may become out of date.

User profiles may be built based @mplicitly gathered information. Implicit
feedback gives us behavioral information about uker. Implicit feedback can be
found by analyzing server logs, search and browsistpry. A research on acquiring
user preferences, based on implicit feedback eseted in [28].

The most attractive aspect of the implicit feedbacthat data about the user can
be gathered without the presence of the user R2@ever, authors [27] point out
some limitations of the implicit feedback. The datdserved by the user, is not
always connected with an intention to observe fte®the time when the data is
displayed to the user is interpreted as reading.tiflso, the user is unable to give
negative feedback, to express negative intereslistike, whereas mouse clicks are
treated as positive feedback [27]. Sometimes during search for essential
information user clicks on unnecessary links, tf@ee in many cases user activity
could not be equalized to the count of clicks.

3.2 Methods for Obtaining User Preferences

[29] gives an overview of existing methods for ekting user preferences and giving
further recommendations; [30] supplements thewigt two more methodsj(iestions
& answers, mixed initiative):

— Questions & Answers (Q&A). Information for user profile is collected, when
user answers to the questions or fills in the foFtre information in user profile
stays unchanged, until the user updates it.

— Mixed initiative (MI). This method is also calledandidate/critique mode.
Preferences are gained by proposing existing soisitto a user and receiving
user evaluation. The solution is improved, accaydio the critique and
proposed to the user again until it satisfies teeruAn example of a system
with implemented mixed initiative approach is atews, presented by [31],
where an agent is implemented for the gathering piferences when the user
expresses his attitude to the observed data.

— Content-based (CB). This method is used to generate recommendatiams f
user preferences on other objects’ features thet hiss already rated. Content-
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based user profiles are updated, when new useerprefe-related information
appears.

— Utility and Knowledge-based (UKB). These methods make recommendations,
based on similarity between what user needs and is/laaailable.

— Collaborative (C). In terms of this method multiple user ratings aggregated
and compared with the rating of a particular udea oertain object. As a result
new recommendations are proposed to the user.

— Demographic (D). This method is used to provide recommendatiorsedan
demographic characteristics of the user. Users wiithilar characteristics are
grouped into classes.

Table 3 illustrates, which preference obtaining hodtis applied in each of five
considered OLAP personalization approaches as agldemonstrates, how user
information was collected — explicitly or implioptl

Although in [3] OLAP preference algebra is proposethd technical
implementation of preference constructdP) and its application is not described,
we consider that the user would express the pmdeseexplicitly. For instance, user
may choose some out of the set of possible prefereonstructors and OLAP schema
elements that serve as parameters for preferentstraotors, and assign values for
OLAP schema elements (entering manually or choommg range). Such approach
is similar to Q&A method. Also,UKB method is being partly used, when, for
instance, user states a certain attribute value$ or NEG constructor, and then
preferences are propagated over all levels of theesponding hierarchy (see
example 1).

Table 3. Preference obtaining and user information collectmethods, used in
different types of OLAP personalization.

- User Information

Preference Obtaining Method Collection Method

Personalization Type | Q&A | MI CB UKB C D Explicit | Implicit
PC + - - + - - + -
DP - - + + - - - +

VO - - + - - - +

RUSA - - - + - - - +
RUPA - - + - - - + -

We suppose that there is a content-baséB) (approach used in dynamic
personalizationP). For instance, when ECA-rules are being execuisdr context
is taken into consideration e.g. user role in deg@ehouse (see example 2). Also,
UKB approach is used, when user behavior is beingyze@| for instance, a utility is
used for calculating user interest degree in aertajgregated data. Dynamic
personalization uses an implicit method for colteguser information.

A content-based approach is also used in visual ®LAO) and in
recommendations with user profile analys®&JPA). In VO the user is able to move
through navigational schema and set preference©fokP schema objects to be
displayed (for example, choosing dimensions, sgttoonstraints on dimension
attribute values, etc.). IRUPA schema- and content-level preferences are statad i
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user profile and ranked with relevance score. Ithlmases information is provided
explicitly by the user.

In recommendations with user session analy®5§Sf) user information is
gathered implicitly. To define user preferendé&B approach is used — user previous
session queries are being examined and a utilingtion, conceptually similar to
DIFF operator, is applied (see example 3).

4 Conclusions and Future Work

In this paper we have highlighted five approachwsiritroducing personalization in
OLAP: preference constructor®), dynamic personalizatiorDP), visual OLAP
(VO), recommendations with user session analyRIdSA) and recommendations
with user profile analysisRUPA). We do not claim that this is an exhaustive det o
approaches for OLAP personalization and assumettimaty be widened.

We have provided an evaluation in order to poirit ipypersonalization options,
described in these approaches, and its applicahitit 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.

Comparing options of personalization applicatiopéosonalization types, we may
conclude that personalization of OLAP schema elésén mostly present in all
proposed OLAP personalization types, except fofepemce constructor®C), where
the way of expressing user preferences for dimessioierarchies, cubes as whole as
well as aggregate functions, is not described. 8pgaabout OLAP operations, we
may notice that three out of four OLAP operatiamshiree out of five personalization
types are described implicitly (i.e. Select andllBown operations inPC, Select
operation inDP, Drilldown and Rollup operations iRUPA). The information about
expressing user preferences on Rotate operationisising in all approaches, except
for DP andVO. Thus, more attention should be drawn to userepeetes for OLAP
operations.

We proposed to group personalization types, acagrth the kind of constraint
(soft, hard or other) that is used for expressing managing user preferences. As a
result, hard constraints are usedDR andVO, soft constraints — iPC and RUPA
and other type of constraint (difference functierih RUSA.

We analyzed applicability of existing methods fatracting user preferences [29,
30] and highlighted, how the user information isinge collected (explicitly or
implicitly). We may conclude that three out of giseference obtaining methods (i.e.
guestions & answers, content-based and utility &vwdedge-based) are applied in
considered types of personalization and the remgirthree methods (mixed
initiative, collaborative and demographic) are applied. However, we assume that it
is worthwhile to involve collaborative method foerggrating recommendations of
queries, based on similarity of users’ likes arslikiés.

We have taken the ideasR{JPA approach as a basis for our future work. We also
proposed to involve collaborative method for getiegarecommendations of queries,
based on similarity of users’ likes and dislikes.ndw method, which provides
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exhaustive description of interaction between asel data warehouse, is a subject of
a separate paper that is currently being reviewed.
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