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Abstract

Interactive multidimensional data analysis tools
(mostly OLAP systems) are the predominant
frontend tools for end users in data warehouse
environments. Thus, the design of these systems
is an important part of the data warehouse design
itself. This paper contributes to the important de-
sign step by discussing the modeling of user
query behavior and its benefits. We present a
mathematical model and a graphical notation for
capturing knowledge about typical multidimen-
sional interaction patterns in OLAP systems,
taking into account the session oriented, interac-
tive and navigational nature of the user query be-
havior. To exemplarily show that the modeling of
user behavior is not only beneficial during the
logical and physical design phase, we also pres-
ent an architecture to speed up OLAP systems at
runtime by using speculative execution tech-
niques based on a prediction of the user query
behavior.

1 Introduction

OLAP systems are the predominant frontend tools for data
warehouse systems. Their main characteristic is that the
user has a multidimensional view of the data stored in the
warehouse ([DSBH98]). Unlike with traditional informa-
tion systems where the logical data schema is hidden un-
derneath an application layer, the logical multidimen-

of the data warehouse design itself. As the design of the
multidimensional schema has a direct impact on the func-
tionality of the system, the design process should be
driven by the user analysis requirements. That means that
knowledge about the anticipated behavior of the user is
needed throughout the design and implementation proc-
ess. Surprisingly enough, very little work has been de-
voted to models and notations to capture and formalize
this knowledge. Many design methodologies are mainly
driven by the structure of the operational data sources. We
argue that it is desirable for the quality of the design to
enrich these approaches with more user centric tech-
niques.

Therefore, we start by demonstrating the benefits of mod-
eling knowledge about the anticipated user behavior in
OLAP systems (section 1.1) and examining the special
characteristics of interactions (section 1.2). Section 2
surveys related work to show that the existing approaches
do not fully match these characteristics. From the obser-
vations about the characteristics of OLAP systems, we
derive a formal description technique for multidimen-
sional query sequences and user/task specific interaction
patterns and profiles (section 4). This formalism is based
on a formal notion of a multidimensional schema as pre-
sented in section 3. To emphasize the benefits of our user
centric modeling approach, we show how the user profiles
can be used for improving the OLAP system performance
at runtime by predicting the users next query. An archi-
tecture for this is shown in section 5. Finally, section 6
draws conclusions and presents directions for future work.

1.1  Why should we model user behavior?

sional schema of an OLAP system is directly used by the
end user to formulate queries. Thus, the MD schema de-
termines the types of queries the user can formulate.
Therefore, the design of this schema is an important task

The purpose of an OLAP system is to satisfy the user’s
analysis requirements. This should make clear that knowl-
edge about the user query behavior is most important
during the whole development cycle of the system (see
figure 1).

The main goal of th&Conceptual Design’is to consoli-
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user can execute. Therefore, the design of the conceptual
DW schema should be driven by a model of the user
query behavior. Another reason is that our experiences
from several real world projects show that end users usu-
ally can state very well which analytical task they want to
perform, but have difficulties understanding a static data
model or schemathat is necessary to answer their queries.

Operation
(Querying and

d Requirement
Data Maintenance)

szm

Conceptual Design

(Implementation
Independent)

Physical Design
(Implementation decisions)

Implementation

figure 1. The different phases of an iterating design and
maintenance cycle

Knowledge about the anticipated user behavior is also a
key input for the subsequent physical data warehouse
design. During this phase, the conceptual model has to be
mapped to a specific implementation (e.g. MOLAP or
ROLAP). This includes decisions about physical optimi-
zation techniques (e.g. indexing schemes, physical clus-
tering, precomputation strategies, denormalization). Com-
prehensive research of physical optimization strategies for
Data Warehouses and OLAP systems has been done for
specific implementation strategies (relational  eg.
[GHR+97] or multidimensional e.g. [FB99]). Irrespective
of the approach, all of these solutions require the defini-
tion of a typical workload as a prerequisite. The view
selection problem (e.g. [TS98], [SDN98]) is a prominent
example that has attracted a lot of research, lately. To our
knowledge, no scientific work has so far been devoted on
how to find such a workload in an OLAP environment. If
the user behavior was modeled during the conceptual
design using a forma modeling technique, typical work-
loads could be generated from this model, automatically.

Knowledge about the user query behavior can also be
used at run time (during the | mplementation and Opera-
tion phase). User and task profiles that contain informa-
tion about typical query sequences can be used for run-
time system optimization. Due to the interactive and navi-

Summing up, knowledge about anticipated user behavior
has an impact on all phases of OLAP system design.
Therefore it should be fully incorporated into an OLAP

design methodology. In combination with techniques to
model the static part of the system (the multidimensional
conceptual schema (e.g. [GMR98], [SBHD99]) a tech-
nigue for modeling user behavior (the dynamic part of an
OLAP system) can contribute to a comprehensive model-
ing technique for multidimensional information systems.

What is so characteristic about user interaction
in OLAP systems?

As an example let us consider an extract of a real project
we performed together with an industrial partner. A car
manufacturer wants to analyze vehicle repairs to improve
the technical quality of his products, to evaluate the war-
ranty policy and to assess the quality of different garages.
According to the basic philosophy of OLAP systems the
user interactively analyzes the data by applying multidi-
mensional operations. Thus, the typical interaction be-
tween the user and the system consists of a sequence of
queries. We call all the interactions necessary to answer a
business question (e.g. “Which garages offer a potential
for cutting down repair costs?”) or to verify a hypothesis
(e.g. “Cars in southern countries are repaired less often.”)
asession.

The user normally uses a predefined entry point (e.g. a
business report). From there the user navigates through
the multidimensional data space by performing operations
on the previous query result. These results are displayed
using an MD view (for an example see figure 2). This
view (mostly a table or a graph) visualizes a subspace of
the original MD cube. Some dimensions are restricted to a
single value (called a slicing operation). We call these
dimensions theelection dimensions of the query. In the
example the values to which the dimensions are restricted
are shown in the left hand corner of the table (customers,
year). The members of the remaining dimensions are
shown in the visualization. In our example they are
grouped along the axes (geogr. region, vehicle model).
We call these dimensions thesult dimensions of the
query. The data displayed in the MD view are the values
of a subset of all measures called tlesult measures of

the query (e.g. # of repairs). The next query is formulated
by manipulating the structure of the MD view, for exam-
ple exchanging result and selection dimensions or altering
the selection for a selection dimension.

12

gational nature of the user's analysis it is promising tpy jdentify saving potentials a controller may start by
predict the next steps of the user. This information can ggcessing a predefined report (i.e. a query) ranking the
used by an intelligent OLAP database for optimizingeographical regions by number of repairs during the year
caching and scheduling purposes. An interesting option1i§gg. He then picks a region in which agh repairs

the usage of prediction information to speculatively exgrcurred to make it worthwhile further investigation. This
cute possible next queries (this idea is further elaboratgdy cognitive process which takes some time and does not
in section 5). If the user actually asks such a predictgg)olve any system interaction. Therefore, from a systems
query the systems answering time is greatly reduced whighint of view the process is a ‘black box’ that is not de-
is one of the main factors of success for a data warehougg&ministic but predictable under certain circumstances.
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figure 2: typical user interface of an OLAP product (MD view)

The only thing the system can perceive (and use to guess description that allows the efficient processing of single
the user’s intention) is the users next query. queries. Our approach supplements this work by giving a
In our example the analyst, may perform a drill-dowhigher level abstraction of queries (needed for conceptual
operation on the chosen region (e.g. by performing a dauedeling in earlier phases and query pattern recognition)
ble click on the region name) resulting in a list of garagesd taking into account the navigational nature of OLAP
in this region. Afterwards, he might be interested in thgessions.

way how the number of repairs changed over the year.3ome work has been done in the field of design method-
this case, he executes a drill down on the year resultingollogies for data warehouses and OLAP systems.
a two-dimensional view containing garages and montfGMR98] proposes a graphical representation of multidi-
Next, he might identify an interesting garage and mightensional schemas (DF model) and a methodology to
want to see how the number of repairs varies by car modeild such a schema from the E/R models of the opera-
(he performs a rotate operation of the data cube) andtiEmal sources. “Query patterns” can be graphically repre-
on. sented in the model by marking dimension attributes that
We call the consecutive operations executed duringaee of special interest to the user. The authors suggest that
session thguery sequence of this session. As the OLAP these markers can be used to determine sensible levels of
systems do not restrict the user to a certain workflopreaggregation. The approach does not take into account
different sessions answering the same business query nt@y correlation between successive queries due to the
have different query sequences as the user can skip stegggational nature of OLAP applications which is the
or include additional steps. Nevertheless, each analytitalsic assumption of our work. Furthermore, the approach
task (e.g. “find garages which should participate in a préundamentally differ from our approach by proposing a
motion”) possesses a characteristic interaction pattefibottom up’ data warehouse design, that means starting
Furthermore, as different user have varying analysis hdtlem the schemas of the operational sources and deriving

its, the patterns are also user specific. a warehouse schema. Our approach is more user centered
as we propose to start with a model of the users’ analysis
2 Redated Work requirements independently from the structure of the op-

. . erational systems.
Several approaches have been published to formalize 98] describes a methodology for data warehouse

multidimensional data model (e.g. [CT98a], [Vas98]}yesign that uses the DF model (GMR98]) as its core. The
The papers present a dgzscrlptlor? of the MD data' Structif&scription technique used for single queries in this paper
and propose formalizations of single queries using alggss some similarity to our approach. However, it does not
braic operations (e.g. [Vas98]), a logical calculus (€.gyoqel the distinction between selection and result dimen-
[CT98a]) or a graphical formalism ([CT98b]). Our statiGjons, the relationship between consecutive queries, typi-

data model (section 3) is based on this work (eSgy| query patterns and does not contain a graphical repre-
[Vas98]). However, the query descriptions in these pap&lsntation for query profiles.

are very operationally oriented as the aim is to provide a
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[ABD+99] describes the design of an aggregate cache for  Definition 3.3 (MD schema): A multidimensional
OLAP systems. One of the parameters used to decide if a schema is a finite set of dimensiofs ={d,,..d,, M},
cached aggregate is replaced is its similarity to the last whereM is a special dimension containing the measures
query of the user. Like in our approach, the similarity of  of the schema. .
queries is measured by the number of operations neces- The functiondim(l): ¥— Q maps each level to its corre-
sary to navigate between the queries. The presented meas-  sponding dimension, that means the following condition is

urements show that this is a sensible assumption. Our  ffilled: dim(l) = d = [d=(HgClassy) 7 Q such that 7
approach extends this work by not only taking into ac- Hy

count the last query issued but the whole history of the
user’s session combined with domain knowledge captur
by profiles.

To our knowledge no work exists on the prediction
queries in the domain of OLAP systems and Data Wa
houses. Although, this idea has been researched
WWW based information systems. [ZAN99] presents
theoretical framework for using knowledge about us
navigation for speculatively presending documents. : X
practical evaluation shows that significant speed-ups ipae dimension D. . - .
possible. OLAP and WWW systems share the comm R conceptual modeling PUrposes, muIt|d|mens_|onaI
characteristic of session oriented navigational data acc emas can be represented graphically (e.g. by using the
To a certain degree, the document structure of the W /R model [SBHD99]).

is also present in OLAP systems. Nevertheless, the opdr¥ample: A possible multidimensional schema for our
tions available to the user are more complex in OLAgxample scenario (figure 3) looks like this:

systems. Furthermore, in an OLAP system more inform@ = {diime: Qeustomers Qenicier Qyarager M}

tion about the user and its task are available, therefakg= ( { day, month, year, time.all },

Q&finition 3.4 (dimension path): A dimension pathp of
a dimension D = (H¢lass) is defined as a path in the
dpttice (H, class*), beginning from its least upper bound
@r_]d ending in its greatest lower bound. Each dimension
%Ih is a linearly ordered list of dimension levels contain-
ing the special dimension levetlisnension_ name>.all as

e least upper bound .

e use DBto denote the set @il dimension pathes of

user/task specific profiles can be built. { (day,month), (month, year), (year, time.all)})
Oeusomer= ( { customer, customer.all },
3 Multidimensional Data M odel { (customer, customer.all)})
dvenice= ( { vehicle, model, brand, vehicle.all},
To formulate a formal conceptual model for the user be- { (vehicle, model), (model, brand),
havior in OLAP systems, we first need a formal concep- (brand, vehicle.all) })
tual description of the underlying multidimensional Pargy ..~ ({garage, geogr. region, type of garage,
digm. As mentioned in section 2, several data models country, garage.all},
have been published recently. Following an evaluation of { ( garage, geogr. region),
MD data models ([SBH99]) our formalism is inspired by (geogr. region, country), (country, garage.all),
([Vas98]). (garage, type of garage),
Definition 3.1 (level): A dimension level (or short levell) (type of garage, garage.all)})
is a finite set of elements from a domaom(l). W de- M= {measures[1} .
notes the set of all levels for an MD schema .

Definition 3.2 (dimension): A dimensiond is defined as 4 M odeling the User Behavior

tupled := (H, clgss) with . The basic idea when modeling query behavior is that the

= H O Wbeing the set of levels that structure this dizsers queries follow certain patterns. E.g. when evaluat-
mension. Each dimension contains a special l€Vgly the number of repairs for a given period a user always
<dimension_name>.all which contains only one ,ges an MD view that shows the number of repairs by
member and is used to aggregate all the basic valyes,qraphic regions on one axis and vehicle models on the
to a single value. other axis. The individual query contains different values

m  class O HxH defining the classification relationshipfg; the timespan covered (e.g. 1998, or 1999) but the
between levels. {ll;) U class* reads “| can be classi- structure of the MD view is unchanged. Thus, we use the
fied according to,l” The relationclass is minimal in  structure of the MD view to define the notion of a query
the sense that the following property is fuffilled;lf)  prototype (section 4.1).
O class [ (ll3) O class O (l,l5) Oclass. The transi- As we are interested in similar queries to define patterns,
tive, reflexive closurelass*® of class must fulfill the we need a formal notion for this similarity. The basic idea
following property: (1,I,) O class* O (I,,l;) O class*. is to define the distance between two querieangl g as
That means thaass* defines a partial order on .  the number of operations that is needed to transform the

tot f th tot f tion 4.2).
Thus, the tuple (H]ass*) defines a lattice over the levels. query prototype of gfo the prototype off(section 4.2)
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figure 3: A graphical representation of the MD schema of the vehicle repair example using the ME/R notation

Based on this, we can define a user/task profile that de-
scribes the typical interaction pattern for this task that may
be user specific (section 4.3). These user/task profiles are
usually created by a system designer together with domain
experts during the reguirement engineering and concep-
tual system design phase (Another possibility is the crea
tion of profiles from database logs. This idea is further
elaborated in section 5 and 6). The indispensable in-
volvement of domain experts makes a graphical notation
of profiles desirable (section 4.4).

4.1  Sessions, Queriesand Query Prototypes

As dready stated, the user interaction in OLAP systemsiis
strongly session oriented. A session S consists of a se-
guence of queries S := q,...,g, Where ¢.; is formulated
applying interactive manipulation operations (like drilling,
or rotation) to the results of q. The results of a single
query g O S are displayed by the OLAP frontend using an
MD view (table, graph etc.). Dimensions being restricted
to one element are called selection dimensions of g while
all other dimensions are called result dimensions of g.
Let us assume that dJQ is a selection dimension of g
limited to the single value val. The level |OW to which val
belongs is called the selection granularity level (or short
selection level) of difor g, i.e. val Zdom(l). For each result
dimension d, of a query g a level of granularity is given
that is called the result granularity level (or short result
level) for dimension d.,.

We are interested in modeling typical interaction patterns
in query behavior. These patterns describe the similarities
between different sessions that are similar with respect to
the intention/task the user had in mind when executing the

result dimensions in the current query contains informa-
tion about the user’s intention. It shows which correlation
in the data the user is interested in. For example if the
result dimensions are geographic region and time, the user
is likely to be analyzing the correlation of these factors
irrespective of e.g. the vehicle model.

Thus, we assume that the structure of the MD view (for
the query q) contains the relevant information about the
state of the user’s current task at the moment he executes
the query g. This information is described by a query
prototype.

Definition 4.1 (Query Prototype): Let us assume a query
g that has the result dimensionsddd the selection di-
mensions Q The query prototypg, for this given query
g is defined as a triplgq := (M, L;, Lg) such that

= M, O M is the set of measures referenced in query q
as result measures

m L, is the set of result granularity levels of the result
dimensions R
m L, is the set of selection granularity levels of the
selection dimensions D
The following conditions have to be fulfilled in order for
§ to be a valid query pattern:
Q) Udim(l) O Udim(l) =Q
1oL, I0L
(2) dim(ly) #dim(l,) O, I, O OLg) 13 #1,
Conditions (1) and (2) ensure that exactly one level of
each dimension is either a result or a selection level.

Example: The query g= “Give me a ranking of garages
according to the number of repairs summed up to the
geographic region for 1998” has the following prototype

session. From a system’s point of view, the current intgp;;= (M= {#of repairs}, D = {geogr.region},

est (or intention) of the user is mirrored in the structure of

Ds= {year, vehicle.all, customer.all} ) .

the query he issues. The distinction between selection and

C. Sapia



Definition 4.2 (Query Space): The set ©q of dl vaid
query prototypes for a given MD schema Q is called the
query space for this schema.

4.2  Similarity of Queries
We are interested in recognizing and formulating patterns
of access. Two sessions have a common pattern if they
contain similar queries. Thus, to define a pattern we first
define the notion of similarity of queries. We approximate
the similarity of two queries g; and g, by defining a dis-
tance measure that corresponds to the number of user
interactions minimally needed to transform the query
prototype of query g, to the prototype of g,. A short dis-
tance means a great degree of similarity.
Assuming a query g with prototype §q = (Mg, L=
{ry,....,n}, L= {sy,...,Sn}), the following basic frontend
interactions result in a query g’ with prototype:
drill down/roll up: The user can increase (drill down) or
decrease (roll up) the level of detail for a selection or
result dimensions. For a selection dimension 24 = (Mg, L,
L) with Lg = (s, ..., §' ---,Sn).- Where g has to fulfill the
following condition:

(d=(H,classy) 0Q: (s,5") Oclasyy O (s',s) dclassyy
In case of aesult dimension: g4 = (Mg, L/, Lg) with L’ =
(ry, ..., 1" ...y1) and

(d=(H,classy) 0Q: (r;,r;") Oclassy O (ry,r)Oclassy

rotation: the user can convert a result dimension to a

is defined as a tupl&€=(¥, E) where E] WxW¥ is con-
structed using the following condition:
(I,1)0E = Od=(H,classy)dQ: (I,ly) O classy O
(I2,1) O classy
Intuitively, the drilling graph contains all the levels of the
schema as nodes and the classification relationships of the
different dimensions as edges. The edges of the drilling
graph are undirected as drilling and rolling operations
should not be distinguished.
Definition 4.4 (drilling distance of two levels):The
drilling distancély-lI,between two levels;land } is
defined as the minimum length of the path in the drilling
graph£.
Definition 4.5 (distance between two query proto-
types): We extend the definition of the functiodim:
dim:2* - 2% maps a set of levelsO¥ to their corre-
sponding dimensions.
dim(L) =  Jdim()
0L
Furthermore for two sets of levels ABWY let x(A,B)
denote the corresponding level pairs that share the same
dimension.
x(AB)={(ab) 0 AxB|dim(a) = dim(b) }

The distancel, - £ 0 between two query prototypes 74
= (Mg, Ly, Ly and o4 = (Mg, L+, L) isdefined as follows:

’] q -0 q" = Adrill + Arotate + Afocus

selection dimension and vice versa (e.g. by a drag apith

drop mechanism). For result to selection dimengigre
Mg, Le, L with Ly =LsOland L' =L, - I; 10 L,.

For a selection to result dimensign, = (Mg, L/, L)
withL/ =L Oland ¥ = Ls-I; 10 Lg

Adrill = S I-r

(I,1NOx(LrOLs,Lr'0LS)
Arotate =| (dim(L, ") O dim(L, )~ (dim(L, ") n dim(L, ))|

focus change: the user can add or delete a measure m

from the MD view. If a measure is addgg = (M¢, L.,

Afocus=|M'OM =(M'n M)

L9 with Mq'= Mq O {m}; m 0O M. If a measure is deleted Assuming that wg,w;, w; OR are the weights for the differ-

9q= (M, Ly, L) with Mg= M- {m}; m O M

ent kinds of operations (e.g. drilling) The weighted dis-

Similar queries show that the user's analysis intentidance Lgq - $q'Ll, between two query prototypes is de-
when executing them is similar. The change of intentidimed as:

differs for different types of operations. For example
rotate shows that the user is now interested in another’

-0 q" = wy [Adrill +w, Arotate+ ws Afocus.
w

combination of parameters what might indicate that tHeefinition 4.6 (distance between two queries): The
analysis task he is working on has evolved. Therefore,(feighted) distance {a.| between two query;q@nd g is
seems sensible to assign a higher weight to rotate opdléfined as the (weighted) distance of their prototypes
tions than to drilling operations when computing the dig$d; - £0,L. *
tance. Thus, the weighted distance between two querieEi@mple: Let us compare query {Give me a ranking of
informally defined as the weighted number of drillinggarages according to the number of repairs summed up to
operations plus the weighted number of rotations plus ttee geographic region for 1998kith prototype

weighted number of focus changes.

To determine how many drilling/rolling operations are
necessary to navigate from one level to another level
(drilling distance), we define the drilling graph as follows

0q1=( {#of repairs}, { geogr.region},

{year, vehicle.dl, customer.al})
and the query g, = “Give me the number of repairs de-
tailed by vehicle model and month for the garage ‘XYZ™

Definition 4.3 (drilling graph): The drilling graph for a \itn

given MD schemd&@ with a set of corresponding levéts

C. Sapia
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{garage, customer.all} ).

The following numbers of operation have to be per-
formed: Adrill=2, Arotate=3, Afocus=0. Thus, assuming
the following weights w,=2,wy = w = 1 theses two queries
have a weighted distance of

|o-Qoly = 2B3+12+10 = 8.

m  E [0 VxVis the set of directed edges connecting query
prototypes. An edge from query prototypg to £,
means that sessions typically contain a querwih
prototypegyy,) before a query gwith prototypeg).
Notably, g andg, can have an arbitrary distance.

To determine if a complete session ‘matches’ a given

ent garages during the year 199Bés the protoype

$a3=( {#of repairs}, {garage},
{year, vehicleall, customer.all} ).

Its weighted distance to queryl is |g;-Qas},=2[0+10+1[0=1

and its weighted distance to query2 is |0-Oslw
=2[3+11+1[0 =7. Therefore, query3 is more similar to
queryl that to query2. .
4.3  User/Task Profiles

The previous section showed how to model the structure
of individual sessions. If a user solves an anaysis task,
each of his sessions may be different as the user is free to
skip steps or include additional steps. Nevertheless, each

Definition 4.6 (Instance of a user/task profile): A ses-
sion S := q...,¢4 is called an instance of a profile P =
(V,E) if there exists a profile path,v.,vnin P and a map-
ping I: N 5 N such that

1) A i) =vOl<ism

(2) i>j = I(i)>1() Dl<ij<m .

Condition (1) formalizes the fact that for all of the steps of
the profile path ythe sessiors contains a query q with
index I(i) that has the prototype. WCondition (2) ensures
that the queries i occur in same order as in the profile
path.

The sessions shown in figure 4 are instances of the profile
on the right. Session 2 contains the steps (1), (2), (3) of

analysis task (e.g. “find garages which should participatiee profile and session 1 contains the steps (1), (4), (3).
in a promotion”) possesses a characteristic interacti@ther instances might also contain the sequence (1), (4),

pattern.
Sessions Profile
1)
()
(©)
®) ®
—— Session 1 = Query in Session
....... Session 2 O  Step in Profile

figure 4: an abstract visualization of two sessions(left)
and a corresponding profile (right)

This section deals with the definition of these typical
patterns (so-called user/task profiles). A session is a linear
sequence of queries and two subsequent queries have a
distance of 1. A user/task profile allows alternative navi-

(5)

4.4  Graphical representation

As user and task profiles are modeled during the concep-
tual modeling phase together with the users of the system,
an intuitive graphical representation is necessary. For this
purpose we use an interaction graph which is a graphical
representation of a task/user profile. Each node of this
graph corresponds to a query prototype which is a mirror
of the user current state of intention.

[ measures (M,)

==

Selection Result
Levels (L) Levels (L)

i

Query Protoype

gation pathes and does only contain prototypes of querigfégure 5: graphical representation of a query prototype

that correspond to significant steps of the analysis proces
Thus, a single profile is an abstraction of a set of sessi

The basic idea for the distinction between sessions

profiles is shown in figure 4. On the left two distinct se
sions are visualized using an abstract two dimensio
projection of the query space. A profile is shown on t
right containing only queries that are significant to th{e‘:1

analysis task.

Definition 4.5 (user/task profile): A user/task profile for
a query spac@q is a labeled graph/( E), where

m VO Oqis afinite set of query prototypes (called
steps of the profile).

C. Sapia

%f%%re 5). The set of result measures is contained in the

Ts depicted by an oval which contains three sections (see

part of the oval; selection levels are enumerated to left

Za'agd result levels are shown on the right. Furthermore each

ction of the oval has an icon that depicts the corre-

i‘hﬁponding category. The icon shows an abstraction of a

ble (as an example for an MD view) with the corre-
sponding area being gray.

The edges of the profile correspond to the navigation of
the user. Albeit, following one edge in the profile might
include several individual queries steps for a session that
is an instance of the profile.
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figure 6: the graphical representation of a query prototype

Figure 6 shows a sample profile that models the analysis  this section we sketch an architecture that allows for ex-
task “find candidates for a new promotion” described itending an existing OLAP system with prediction func-
section 1.2. The node (1) shows the predefined reptidnality.
which serves as a starting point for this task. The navigBhe component architecture of such an environment is
tion path (1)-(4) corresponds to the workflow described show in figure 7. This abstract architecture applies to all
the example. The alternative path from (2) to (5) modeBLAP systems irrespective of the storage strategy (MO-
the possibility that the user decides to find the mokAP, ROLAP etc.). The white elements are part of the
promising garages for a promotion on the basis of thmditional OLAP system: aMD user interface which is
customer base of this garage. Therefore, he analysesuked by the analyst to formulate the query and which
correlation between garages and customers for the curreistializes the results. Via an interface (e.g. OLEDB for
year. As shown with nodes (1) and (2) ‘backward navig®LAP, see [Mic98]), the queries are passed to an MD
tion’ is also an option. This models the fact that the usquery processor that performs optimization and maps the
first analyses the figures for regions then drilling to seguery to the physical storage format of MB data store
the garages for one region but returning to the region vighat contains a persistent image of the data. The query
if the results are not satisfactory. A cycle occurs if the usgrocessor stores information about the executed queries in
executes queries that have the same prototype, i.e. quegiggiery log. This abstract architecture applies to all OLAP
of the same structure with different selection criteria (e.gystems irrespective of the storage strategy (MOLAP,
first analyzing 1997 figures the analyzing 1998 figures). ROLAP etc.).
The gray components are added to the system in order to
5 An Architecturefor the Prediction provide the prediction functionality. Thgofile informa-
. tion stores the user/task specific profiles (using the for-
of User Behavior malism presented in section 4). These patterns are initially
If typical interaction patterns (task and/or user specifi€pnstructed during the conceptuser modeling process
are known, this information can be used to build queAs described earlier in this paper. Another interesting
profiles for users or user groups. This information can Igdternative is to build, validate and adapt these patterns by
used to optimize the performance of an OLAP system aalyzing thequery logs. This task is carried out by the
runtime. The idea is to use the profiles together with thofile builder which uses data mining/pattern recognition
know prefix of the query session to predict which queridechniques to derive new profiles or adapt existing pro-
the user is likely to ask during the rest of the session. THiles. The core of the architecture is a prediction unit,
these queries or parts of the results can already be cavhich is located between the query processor and the
puted while the user is busy formulating his next query. frontend tool. It has the same interface to the user inter-
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figure 7:the component architecture of a predictive OLAP system

face as the query processor (e.g. MDX) and predicts the
possible next queries of the user from the status of the
current session (the queries asked so far) and the profile
information. Following a predefined strategy it passed
predicted queries to the query processor for speculative
execution. The results are stored in a speculative result
cache.

In figure 8 the dataflow and the processes inside the pre-
diction unit are shown (the parts where the formalism
presented in this paper is used are marked gray). The
frontend passes a new query to the request handler. The
handler checks if this query can be answered from the
speculative result cache, i.e. has been correctly predicted.
If not, the query is passed to the query scheduler which is
responsible for passing the query on to the OLAP query
processor. In any case the session state for the current
session is updated (i.e. the current query prototype is
added to the session prefix). This information together
with the profile information is used by the ‘prediction
model-process which generates queries that are most
likely to be asked next and estimates their probability. In
this process it makes use of the distance measure defined
in section 4 as an approximation of similarity.

A cost model process passes the estimated database exe-
cution costs of the queries to a decision model process
which decides if the query should be executed specula-
tively. In this case it passes the query to the query sched-
uler with a flag that the results of this query should be
stored in the cache instead of being sent back to the user
immediately. When the query scheduler receives a new
query for execution, it first checks if such a query is a-
ready being executed at the moment. In this case the query
is not passed on but answered using the results of the
running query. This case can occur if a query that is being
speculatively executed is actually asked by the user before

C. Sapia

the execution is finished. The results of all queries are
either passed to the user or stored in the speculative result
cache. The cache uses an appropriate replacement strategy
(e.g. atime stamp method).

6 Conclusonsand Future Work

The starting point of our research work was the observa-
tion that capturing knowledge about the query behavior of
OLAP usersis beneficial for the conceptual and physical
design of such a system but also can improve the systems
runtime performance. An analysis of the characteristics of
OLAP query behavior showed that user access is typically
multidimensional, navigational, explorative, session ori-
ented with task and user specific patterns.

Therefore, we proposed a formal framework to model
knowledge about user behavior taking into account these
characteristics. We also presented a graphical notation to
visualize the models and make them usable during con-
ceptual design. To show the benefits of such an approach
we exemplarily focused on the deployment of the modeled
user/task profiles for increasing the system performance
using prediction techniques.

The topic of our current and future work will be the inte-
gration of the presented notation into our conceptual mod-
eling methodology and the validation of this modeling
technique in several real world projects. For this purpose
a modeling tool will extended to support the notation.
topics are the relationship between static and dynamic
model.

The architecture proposed in the previous section raises a
lot of interesting research problems. It is necessary to
develop a formal prediction model in order to implement
the prediction algorithm. Another interesting point is the
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figure 8: A dataflow diagram of the prediction unit

derivation of user/task profiles from the saved interaction
logs using data mining and pattern recognition techniques.
The question of how to combine the manually modeled
user profiles and the automatically generated ones imme-
diately arises. Physical implementation issues are certainly
worth further studies (e.g. how to organize the speculative
result cache and which caching strategies to use).

Our plans are to implement the above architecture on top
of acommercial OLAP system and to evaluate the predic-
tion algorithm using real world interaction logs.

Until now we only focused on using the profile informa-
tion outside the kernel of the OLAP system. Further po-
tential optimization become possible when integrating the
prediction functionality into the kernel of the OLAP query
processing system (e.g. specia caching techniques can
make use of the prediction results).
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