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ABSTRACT

Services for increasing information quality in unstured information are central to mostly all apgiions of
information management. Service-oriented compusragpromising paradigm for embedding such inteliigservices in
different application scenarios and heterogenedusamdscapes. In this paper we present our knowletigcovery
framework named “KnowMiner”, a service orientedhatecture designed with the primary goal to easage for non
knowledge discovery experts while providing a risét of knowledge discovery functionalities for vedifferent
application scenarios. We will introduce the ungied data model of the framework, its basic sewies well as
concepts for workflow composition based on pre- past-conditions. We summarize our findings ondeeelopment
and application of such a framework in a set ofigleaspects and outline that formal pre- and postitions are not
suited for data intensive applications with a heglectrum of functionality.
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1. INTRODUCTION

“Data is the next Intel inside” is a mission stagsn of a large number of innovative Web 2.0
applications. It stresses the importance of irgelit handling of data and information for futurglégations.
Nowadays, well established information retrievadtens organize information in indices or tableserds
need to interpret the results and extract neededlenige on their own. Knowledge discovery focuseshe
semi-automatic identification of previously unkngwipotential new knowledge from unstructured
information [Fayyad et. al. 1996]. It is an intexciplinary research area including concepts froiorimation
retrieval, machine learning, logic/inference anslusilization [Weiss et. al. 2004].

Although integrating methods from these areas antonsistent framework is highly desirable it imgm®s
a set of different technical and organizationallleinges: Usually the development team has to cbogis
experts from different fields (e.g. information wadization, logics, machine learning etc.), capatue
implement and combine sophisticated, highly spesdlalgorithms. While providing powerful methotise
framework must be well documented, easy usablapptication developers and has to provide intetlige
debugging utilities for very different applicatistenarios. Without in depth knowledge on algorithms
application developers must be empowered to develifferent workflows for particular application
scenarios.

Nowadays service oriented architectures (SOA) piwa natural approach for solving this dilemma
between complex functionality and easy applicatiaezoupled services, developed by independenicserv
providers are used to assemble complex applicatibhe vision is to provide an easy consumption of
services by being independent from technical impgletations [Elfatatry 2007]. Ongoing research in
standards such as the Web Service Modelling OmyoldySMO) [Dumitru 2006] focuses further on
automating service consumption by enriching thevises with additional semantic information. WSMO



builds on a goal oriented approach using ontologeedranslate user’s intentions to service instance
Mediators are used to compensate for semanticreiftes between the services and for mapping the
different data formats.

However, as stated in [Mogul 2006], emergent miglver will occur in systems when the complexity of
the system increases. Low-level interactions betvesgvices as well as the number of independewicssr
have profound implications on the overall systerhisTreduces promised SOA benefits of reducing the
complexity by being independent of individual seevibehavior. Integrating additional logic to autdéena
processes may result in further emergent malfunstiand increased coupling of services. Jeffrey Mogu
comes to the conclusion, that new approaches aeeedeand we never will have tools to solve all
misbehavior, but that should not stop us from gyin

In this paper we present our knowledge discovesynBwork named “KnowMiner”, a service oriented
architecture designed with the primary goal toeeagsage for non knowledge discovery experts while
providing a rich set of knowledge discovery funotiities for very different application scenaridgshe
supported knowledge discovery functionality is baBy limited by two factors: (i) the data modeldafii)
the number of different services; aspects desciibegction 2 and 3. While we are not going into houch
detail, we provide a comprehensive overview forsgiag the idea on the complexity in managing data
intensive knowledge discovery workflows. Especialpmposition and debugging methods of those
workflows are usually time consuming, error proasks. We try to ease those tasks by defining prd- a
post-conditions based on the defined data modektisas a clear service architecture (see secfion 4

The ambitious goal to ease the usage for non krapeleliscovery experts required several development
cycles. Our experience in very different projecupplemented by questionnaire based evaluatiorgdh
development cycle — revealed underlying design gjirids, especially on the service level. Section 5
summarizes the essence of those guidelines anfthdings gathered during the last 5 years.

Therein, the main contribution of this work is twhf: Firstly, we identify essential building blocksr
knowledge discovery frameworks and outline impdridesign aspects for their composition. In conttast
previous work which mainly addresses particularatpwe try to combine all different aspects farhsan
framework and derive underlying design guidelin&s. give to prominent examples in [Raspl 2004]
standards for exchanging data mining and knowletigeovery models are outlined. However, aspects of
service modularization and workflow composition a@mnpletely ignored. On the other hand [Ferruci &
Lalla 2004] describe the components of IBM’s Unstaued Information Management Architecture (UIMA).
Although workflows and their application are oudlth details on the different service componentselkas
the definition of pre- and post-conditions are rnigs Also, more complex knowledge discovery tasks |
visualization and clustering are not outlined.

As a second contribution of this paper we workauwtexperience in developing different applications
top of the framework as well as the viewpoint argegience of non-knowledge discovery experts iniagl
knowledge discovery tasks. Outlining pitfalls angteess factors may help other research and develupm
groups in developing or applying similar frameworks

2. DATA MODEL

Knowledge discovery involves data driven procesBega needs to be transformed and processed by
algorithms to extract meaningful knowledge for hmsaln our model the basic objects to work with are
information entities [Granitzer 2006] which can $®en as information container having assigned rdifite
properties. The initial data filled into an infortitm entity is the content, and during the execqutad
workflows algorithms will manipulate the properties those information entities, create new entities
identify relationships between those entities. iPaldr properties of information entities are:

e Metadata is additional data assigned to an infdomagntity either converted from the data
source the entity is read from (e.g. file name areation date of an image) or through some
metadata generating algorithm (e.g. a text classdutomatically assigning a document to a
particular class or not)

e Annotations are created by information extractiogtinods which add further information to an
entity. For example given the textual content ofirformation entity, a NLP pipeline may add



word class (noun, adverb) information to a singlerdvor may identify that a set of words
represent a person or some other kind of nametiemnti
o Features represent the statistical information rfarst knowledge discovery algorithms. For
example a large number of machine learning methegsire real valued vectors in a so called
feature space (see [Weiss et. al. 2004] for détdHlsatures are generated either by estimating
statistic over selected content parts with paréicannotations (e.g. counting the frequency of
nouns) or by converting different metadata (e.gation data).
Figure 1 depicts the different properties and theimversion. Also, to give a concrete example a&rsa set
of simple text documents. Each of these documenés iinformation entity and has assigned metadaa |
file size. Tokenization and Part-of-Speech Taggingotate each character sequence with its fun¢tian
word or punctuation) and its word class (e.g. nodf)nouns are then used to create the featureswveictor
space which is then subsequently used for clugtetoztuments to topical related groups.

Information extraction

o "
Annotatior Feature generatior
nfermation extre ctior
* Weighting/selectior /
Lookug ;(riansformation
.@ -

Lookug Metada a generatior

'
Metadatza

Figure 1 Transformation within information entities. Full lines identify information reducing
transformations, plain lines indicates information preserving transformations. Slashed lines indicate
information enriching transfor mations.
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Also, information entities are embedded in somecstire, like files structured in the file systerRDF -
the Resource Description Framework — has been tsquovide such structural elements, which also
differentiates the KnowMiner Framework from otheis¢éing frameworks like UIMA. However, we found
that for most of today’'s knowledge discovery taskmplex relationships can be safely ignored. Moeepv
the management of such structures increases thplexity of algorithmic development as well as deses
the applicability for application developers.

In order to keep the access to properties andtatalcelements of information entities simple bet y
powerful, a common data access had been realizegl.cbmmon data access allows to define different,
application scenario dependent views on the dataul approach each data aspect is named by aeuniqu
string based identifier. Adapters implement theidog map those data aspect on a set of propesfies
information entities. Each key can be bound toecsjg data structure helping developers dealinth whe
data. Introducing such data abstraction allowscfmnging data representation in the backgroundowith
affecting its external behavior, a key ingrediesttdevelopers in larger teams. Domain specific giean be
easily added by replacing and modifying the adagi@r domain specific needs. Addressing data witgls
keys enables an intuitive and flexible way speaifythe input and output of services. Using aliasnesfor
identifiers allows developers compensate differenbetween similar projects. This simplifies reusing
configurations in other projects. To give an examphformation extraction annotates text with diffet
named entities like persons, organizations andtitmts. For a particular application scenario we améy
interested in all named entities, but not in pattc classes of named entities. By providing aressd&ey for
named entities and a mapping logic application ipers can access those named entities by a inyakin
single call.



3. BASIC SERVICES

Workflows in service oriented architectures consissingle, atomic services, called basis servi€es.
our domain we analyzed various application scesaaial decomposed knowledge discovery tasks inth a s
of basic services. Our goal was to keep the nurobeservices low in order to reduce the complexity i
workflow orchestration as well as to reduce the benof services a developer is responsible for.9Mé
knowledge discovery topics into single basic se&wjceach manageable by a team of 1-3 persons. The
interface of each service has to fulfill certaiitenia like for example that its operation signasihave to be
independent of the underlying backend and algoiithdetails. Hence, the service interface has to be
compatible with a processing interface specifyincpenmon way for using a service: setting input datd
retrieving results, starting and stopping servicecation, etc.

Import Service: Mostly the first step in each project is to gatheuired data from foreign data sources
and format the data into an internal Meta formait thllows for easy access to all data aspects witte
environment. This service transforms external diatta information entities resp. their propertiesievhis
then made accessible to other services by the abeméioned common data access.

Information Extraction Service: This service annotates content of single infornmagéatities. It extracts
named entities like persons, places or organizatitom text content. Information extraction makemplicit
information stored in unstructured text computepgessable. Information extraction results provide
additional faceted dimensions for search resultsam be used to discover additional relationsheig/een
information entities. Processing is done by sendirdpcument through a pipe of processing algoritans
providing the generated annotations within our camrdata structure.

Feature Extraction Service: The task of this service is to generate meanirfgatures from annotations
and metadata. It supports different common weightind feature selection schemes. Features canabe re
valued, nominal or boolean and are managed via @ sectors.

Information Retrieval Services: For users an important task in projects is to $edoc information.
Information retrieval tasks are well understoodt fand accepted by users. Mostly the results ayerstin
lists ranked by relevance to a query. For eachltresme metadata is provided along a content ogervi
such as a snippet. Faceted search approaches ddibred orthogonal aspects to search results like
presenting persons or geographic locations merdiavithin these results [Efthimiadis 1996]. This yides
users with multiple views on the search result Bebur framework an index service is used to stbee
content of information entities in a structure agpiate for searching. The service allows specgyivhich
content aspects are stored in which searchablgsfi@hd how they can be queried (for instance iase c
sensitive or insensitive manner).

Association service: An association service is used retrieve to simitams to a given term. These
similar terms can be used during query specificatoprovide keyword suggestions to users, e.rgqbery
expansion. Search fields can be put into relatipruding their document term distribution [Reginaldal.
1995]. For instance, having a search field for ¢oes and one for cities allows searching for antguand
retrieving associated cities.

Summarization Service: This service extracts metadata from a set of médion entities by examining
the coherence between a set of entities. For eatity some descriptive summarizations can be géedra
An example for such a summarization service isyavked extraction service. For each entity keywacads
extracted describing its content as good as pasgibtespect to the given set. Firstly, for eachusoent a
feature vector is generated. These vectors arehtezlgusing a TF/IDF algorithm. The term frequenti)(
indicating how often a term occurs in a documemtivided by the amount of documents this term ogdoir
This favours terms that occur frequently in theraixeed document and weakens terms that occur frélguen
in many documents since they have not much infaomagntropy. This avoids having the same keywords
for all entities.

Clustering-Service: Clustering service identifies groups of relatedoimation entities (such as
documents) which are represented by high-dimenkieaors. Relatedness between any pair of enidies
expressed by computing the distance (or similargfficient) between the corresponding vectors.idajity
Euclidean distance or cosine similarity is emplgyathough other coefficients, such as dice orgagdcmay
also be used. The service encapsulates a varietlustering algorithms such as k-means, ISODATA
algorithm, hierarchical agglomerative clusterinffinity propagation, BIRCH and some others [Xu, Rund
Wunsch, D., 2005]. Additionally, the clustering\dee provides means for projecting the clustereié dat



into a low dimensional space (typically 2D screpace) in such a way that high-dimensional distamces
preserved (as far as possible). In the resultipguasimilar objects are placed close while diskimnes are
positioned far from each other. The resulting lamehsional coordinates of projected entities ardusy
visualization components designed for visual anslgsd interactive exploration of large, high-dirsiemal
data sets [Andrews et al, 2002]. As of 2008 thesiserhas been successfully applied on large, high-
dimensional corpora containing up to one millioxt tdocuments.

Classification Service: Classification is a supervised learning approachafsigning documents to a
given set of concepts. For example classificatim be used to distinguish between spam and no sEaim
Blog or wiki documents can be assigned automaidall categories. Firstly the classifier is trainea a
training document set containing information to e¥hiconcepts the documents belong to. Afterwards new
documents can be assigned automatically to theepdsic The classifier uses features from the feature
service as input and returns the concept associgimgestions together with a confidence value. The
classifier service wraps several classificationhods like k-Nearest Neighbors, support vector nraed)i
boosting based approaches, naive bayes und rocesisifier.

4. SERVICE COMPOSITION

Based on the defined data model and the introduszsic services we designed a service oriented
architecture as depicted in Figure 2. However,acaigin having a common data structure and a common
interface concept, assembling of these servicessithsoo complicated for application developeExtra
work needs to be done preparing the data in themmmmdata structures to meet service requirements.
Several semantic inconsistencies between serviecstraints that each team has introduced in their
implementation need to be adjusted. So a furthstrattion layer is introduced with the goal to gpmaate

the main workflow as well as to distribute servieesong different nodes using Java RMI. We desigred
own coarse grained knowledge discovery interfadh feicus on consistent data types where the owtpamn
operation can be directly used as input for thet operation. To fill the gap between this interfacel the
basic services, mediator services are implemergediving semantic discrepancies between the satvice
Also, a watch dog has been assigned to criticalices allowing for terminating those services irsea
operation lasts extraordinary long. This allowgaikeep some degree of fail-safety.

Knowldege Discovery API Layer

T KD API
’ Service assembling H Service repository M Configuration ‘
Manages
A
’ Service mediator ‘ ’ Service mediator ‘ ’ Service mediator ‘

! Using (Local RM watch dog)

Basic Service Layer

Knowledge Discovery Knowledge Discovery Common date
Basic Service * Basic Service Z structure
Using
A
Modul Layer

Third party libraries tools algorithm implementations

Figure 2 SOA based system ar chitecture showing the service level breking down high level knowledge
discovery API to low level modules.

Applications use the knowledge discovery interfageinvoking a series of operation calls to assemble
workflows. Figure 3 shows common knowledge discgveask. The first workflow shows a typical
preprocessing task. The second workflow shows towidster search results. The index generateden th



preprocessing workflow is used to search for irgténg information. Next the saved features are édaidto
the information entities of the search results eludtering is performed. Inspecting the most redvwarms
of each cluster allows users to discover the napits covered by the search result.

( Impor > =6u.mauuu o) =Geature )—»( Inde >—>< Save )
(Search Results>—>< Load vectors >—>< Clustel >—>< Visualize )

Figure 3 Illustration of a common knowledge discovery task. The first workflow showsthe required
preprocessing stepsto cluster search resultsin the second workflow.

We introduced a simple pre/post condition mechanasirelp developers finding out the correct ordher t
operations need to be executed. To gain first exipee we started with a simple approach. We usedata
aspects described in section 2 — content, annotatinetadata and features. Each service specifias kind
of data it needs as input (pre condition) and vetzaa it will write (post condition). In a first ebk we used
the preconditions before executing a service tauenshe needed data is available. This should help
application developers to assemble correct worldl@and to reduce the amount of debugging workflows.
Another aspect of those pre- and postconditions wwaformally specify the requirements of a service
through the service developer thereby documentiegritended application. Application developersustio
get an idea on which services may be requiredri@rpriori of a specific service. However, it tudneut that
information about missing properties of informatiemntity is not useful for developers. Without anytifier
information they do not know how to correct the lgeon. Providing useful help needs additional contex
information about assembled workflows and the curiask the developer wants to perform within a
workflow. For instance, a developer needed to elusearch results. When executing clustering, hieago
error that features are missing. So he executedetitere generating service beforehand. However ptie
conditions for the feature extraction service waoefulfilled at this stage because no contentwalable for
search results.

Developers of the basic services implemented thés post conditions information sparsely. They
considered it as additional work with no direct &#rworth doing it. For some services it is alsgpbssible
to provide this simple information immediately. Jhean only provide this conditions information when
additional data is available: runtime settings, figamation parameters or the task to perform. While
model on pre- and postconditions could be semdhtieariched to cover those aspects, this yieldaro
dramatic increase in modeling efforts. So it iskaly that developers would engage in such effarsilting
in a decrease in development efficiency. So intcaoty further semantics for a richer, more complex
description of pre- and post-conditions seems torifeasible.

5. DESIGN ASPECTS

Our design goal was in building an environmentdpplying frequently used knowledge discovery tasks
in different projects and to provide knowledge digery functionality for a broad range of applicatio
scenarios. The framework itself has been develayed several years with a team of approximately08-1
persons and has been applied to roughly 8 diffguesjects. Such application scenarios includes igiog
intelligent knowledge services for workplace intgtgd learning [Moedritscher et. al. 2007], context
detection for knowledge workers [Granitzer et.2008], visualizing unstructured documents [Sabolkét
2008] and multi modal retrieval of meeting informat [Sabol et. al. 2007]. Thus, very different teaof
application developers integrated the functionalityhe framework in different application scenatrio

Clearly, supporting a broad spectrum of functiagalhile easing application development for non-
experts are contradicting requirements. We fourat the granularity of services in the KnowMiner
Framework as well as the provision of the commota @&cess supports both requirements. Especialy th
common data access pattern allowed for separdimgplication oriented viewpoint on the underlyitaga



view from the knowledge discovery viewpoint. Seevigranularity not only supported application

developers, but also simplified the organizationsefvice development teams by reducing the number o

services a team member is responsible for.

One central point for knowledge discovery applimasi is that they are mostly data driven with the
additional downside that the data is unstructutémstructured data requires high fail-safety, sida&a can
be very noisy. Noisy data often yields to unpreitd algorithmic behavior, resulting in concrete
exceptional states at its best and non-terminatidts worse. Ideally, one could validate workfloawgriori
whether a correct execution is possible or notoAtiue to the massive amount of data usually pescks
means for monitoring the quality of each processitep have to been established. For example, errors
extracting the text out of different document fotsnmay not directly lead to an error during indgxthose
documents, but may reduce the quality of subsegoettessing like document clustering or searchorg f
those documents. This combination of noise and im&assnount of data also drives the required time fo
identifying error, especially for the applicatioewtloper. With the introduction of pre- and postditions
we tried to address those aspects: application loleses should get a better understanding on why a
workflow fails and service developers should beeablclearly specify the transformational functadrtheir
services. However, it turned out that this forngedfication received very low acceptance on badksand
did not improve service composition and debuggimgadilities of workflows.

A certain degree of fail-safety could be achieviebiigh the watch dog concept in combination with
distributing services over RMI. Fail-safety and thdependence of workflow/service execution onediéht
nodes were highly appreciated by application degei® This is especially true since data intensive
workflows require large pools of system resourdas main memory which can be more efficiently maethg
in a distributed manner.

Generalizing from our architecture, we found tha¢ following properties are essential for an edfiti

application development in the domain of knowledigovery:

e Reduced data complexity: Supporting a broad specwof application scenarios also requires to
support a broad spectrum of information objecte likr example textual artifacts, multimedia
artifacts etc. However, for application develophis data complexity must be hidden somehow.

Reduced number of service (methods): A larger nurabservice and/or service methods results in
more combination possibilities and a shallowerr@ay curve on the application developer side.

Quality of Service parameters: QoS parameterkffioivledge discovery applications are hard to
define, since algorithmic complexity as well aslgyalepends strongly on the data processed. For
example documents consisting of several thousargkespaare hardly processable by some
preprocessing algorithms.

Guidance in and quality of workflow composition:tddugh we kept the number of services and
service methods small, application developer requjuidance in workflow composition.
Especially since applications are data intense®ijng and debugging takes more time than in non
data driven domains. Due to the unstructured natitiee data we do not see that formal semantics
in terms of pre- and post-condition may help taéase workflow composition, at least without an
extra ordinate amount of additional work.

Debugging capabilities for workflow execution artatas of the data model. In practice, errors
during workflow execution occur most often afteready processing a significant amount of data
items and causal relationships are not always .ckearexample clustering of documents strongly
relies on the preprocessing. However, preprocessarg be executed long time before, with
different configurations and thus if clusteringi§adne also has to validate the previously occgrrin
step of preprocessing. Again, a time consumingaspe
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6. CONCLUSION

In this paper we presented our knowledge discoframmework and our design approach for provide an
easy usage for developers. We outlined the framewaluding data model, basic services and service
architecture. We introduction a pre post conditimechanism intended to enable a more failsafe and
transparent consumption of the functionality. Froor experience in the application of the projectl an
guestionnaires undertaken during development, wevatk a set of basic design aspects. Besides those



design aspects our main finding regards the inttidi of pre- and post-conditions for knowledgecdigery
services: providing even very simple semantic eobarents lead to a formidable implementation
complexity. The simple approach didn't fulfill exyped prospects and a exhaustive semantic infragteucs
needed to benefit (maybe) from semantic descriptiofor real world applications this extra efforayrfar
beyond project resources.

For our goal using classical approaches like docutatien and sample source code is a simpler way
explaining the framework concept to developers. uboentations have the problem of staying up to date
with technical changes. Currently we investigate téols to extract useful concepts and workflows
automatically from source code and in applying \Média to create communities around the developers.
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