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ABSTRACT

Content management tools like Microsoft's SharePatow

users of an application domain to share documemdstag them
in an ad-hoc way. Similarly, Google Base allowsrsige define
attributes for their objects or choose from preuedi templates.
This ad-hoc or predefined annotation of the shatat incurs
problems like schema explosion or inadequate datetation,

which in turn lead to poor search and analysis loitifies.

We propose CADS, a Collaborative Adaptive Data Bigar
platform, where the information demand of the comity+e.g.,
query workload—is exploited to annotate the datas#rtion-time.
A key novelty of CADS is that it learns with tim&iet most
important data attributes of the application, ansesu this
knowledge to guide the data insertion and queryimg.this
position paper, we present the challenges andnpredry design
ideas for building a CADS platform. We use the &gion of
CADS on the Business Continuity Information NetwdBCIN)
of South Florida as a motivating example.

1. INTRODUCTION

There are many application domains where a commwfitisers
collaborate and share domain-specific informatifam; instance,
news blogs, scientific networks, social networkiggoups, or
disaster management networks. Current informathamisg tools,
like content management software (e.g., Microsd@fsrePoint),
allow users to share documents and tag them indama way.
Similarly, Google Base [14] allows users to defat&ributes for
their objects or choose from predefined templafes. instance,
when a user input a weather report on a hurricangould be
nice to entexStorm category, \3or other such information. Even
if the system allows users to arbitrarily annotdteir data with
such pairs, the users would probably be unwillmgld it since it
requires considerable effort (inadequate data atioof. Further,
the system would end up having thousands of diffeagtribute
names (schema explosion), where many share the smahéfe
meaning, e.g., “Storm category”, “Hurricane catgof'Storm
level”. The above limitations make the analysis goerying of
the data cumbersome. Users are mostly limited ao fHeyword
searches, with very few extra conditions like dael owner of
document.
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A recent line of work to the right direction is tpay-as-you-go
querying strategy in Dataspaces, where users provdta
integration hints at query time. However, therenés work that
achieves integration and attribute-extraction ot tHata at
insertion time, since a key assumption in previeawasks is that
the data sources already exist. This assumptiagengrally not
valid for collaborative data sharing platforms.

We propose CADS, a Collaborative Adaptive Data Bigar
platform, which facilitates data annotation at mise-time and
leverages these annotations at query-time. CAD®deaith time
the information demand (query workload), which len used
create adaptive insertion and query forms.

Some of the collaborative data sharing applicatitmest will
benefit from a successful CADS platform are digaste
management, corporate context management, newalyaocial
networking, and scientific collaboration.

Motivating scenario: Our motivating scenario is a disaster
management situation, which was inspired by theee&pces of
the authors in building a Business Continuity Infation
Network [30] for disaster situations in South Fari In this
particular domain we have many users and orgaoirsti
publishing and consuming information. For exampie, a
hurricane situation, local government agencies ntepbelters
locations, damages in structures or structural ingm
Meteorological Agencies report the status of theribane, its
position and particular warnings. Volunteers mayrshtheir
activities and look for critical needs. Businessneve may
describe the status and needs of their stores ensdqmel.

The information produced and consumed in this domiai
dynamic and unpredictable, and agencies havedhgirprotocols
and formats of sharing data, e.g., the Miami-Dadeury
Emergency Office publishes hourly document repofustther,
learning the schema from previous disasters is giarh that new
needs, requirements and situations arise.

In Figure 1(a) we show a report extracted from Nwegional
Hurricane Center repository, which describes tretust of a
hurricane event in 2008, that is, the current stlwoation, wind
speed, warnings, category, advisory identifier nermdnd the date
it was disclosed. Even though this is a text documenany
(attribute name, attribute valupairs, e.g., “Storm Category = 3"
can be extracted, which could then improve the itualf
searching through the database. For instance, d-iy(lo) shows
three sample queries for which the report of Figi(e is a good
answer.

The goal of CADS is to allow the effortless sharofglocuments
like the one in Figure 1(a), while at the same tsreving semi-
structured queries like the ones in Figure 1(b).



The structure of the paper is as follows: In Secowe discuss
the relationship of CADS to other research effo@ection 3
presents the preliminary design of CADS. The reseahallenges
of CADS are presented in Section 4 and we condlu@section 5.

2. RELATED WORK

Dataspaces and Pay-asyou-go Integration: The integration
model of CADS is similar to that of dataspaces [18here a
loosely integration model is proposed for heteregers sources.
However, the semi-automatic annotation of data wi#tadata at
insertion time is new to CADS. In CADS, the intdgra then
occurs on this metadata. Another related data mizdéhat of
Google Base [14], where users can specify their own
attribute/value pairs, in addition to the ones ps®d by the
system. However, the proposed attributes in Go@®sse are
hard-coded for each item category (e.g., real esiatperty). In
CADS, the goal is to “learn” what attribute/valuessuggest. Pay-
as-you go integration techniques like PayGo [25] §22] are
useful to suggest candidate matchings at query. tifo@ever, no
previous work considers this problem at insertionet as in
CADS. The work on Peer Data Management Systems ifl@]
precursor of the above projects.
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EYE OF GUSTAV NEARING THE LOUISIANA COAST...HURRICA NE FORCE WINDS|
OVER PORTIONS OF SOUTHEASTERN LOUISIANA...

A HURRICANE WARNING REMAINS IN EFFECT FROM JUST EAST OF HIGH
ISLAND TEXAS EASTWARD TO THE MISSISSIPPI-ALABAMA
BORDER...INCLUDING THE CITY OF NEW ORLEANS AND LAKE PONTCHARTRAIN.
PREPARATIONS TO PROTECT LIFE AND PROPERTY SHOULD HXE BEEN
COMPLETED.

A TROPICAL STORM WARNING REMAINS IN EFFECT FROM EAST OF THE
MISSISSIPPI-ALABAMA BORDER TO THE OCHLOCKONEE RIVER

GUSTAV IS MOVING TOWARD THE NORTHWEST NEAR 16 MPH..26 KM/HR...AND
THIS MOTION IS EXPECTED TO CONTINUE FOR THE NEXT DA Y OR SO WITH
SOME DECREASE IN FORWARD SPEED AND A GRADUAL TURNAGWARD THE WEST:
NORTHWEST ON TUESDAY. ON THE FORECAST TRACK..THE CENTER WILL
CROSS THE LOUISIANA COAST BY MIDDAY TODAY.

MAXIMUM SUSTAINED WINDS ARE NEAR 115 MPH...185 M/HR ..WITH HIGHER
GUSTS. GUSTAV IS A CATEGORY THREE HURRICANE ON THE SAFFIR-SIMPSON

SCALE.

(@) Sample Document
Q1: Storm Name = ‘Gustav’ AND Warnings CONTAIN ‘flo
Q2: Storm Name = ‘Gustav’ AND Storm Category > 2

Q3: Document Type = ‘advisory’ AND Location = ‘Loui
AND Date FROM 08/31/2008 TO 09/30/2008

od’

siana’

(b) Sample Queries
Figure 1: Sample Document and Queries

Content Management products: Microsoft Sharepoint [26] and
SAP NetWeaver [29] allow users to share documeanisptate

them and perform simple keyword queries. Hard-caatétibutes

can be added to specialized insertion forms. CAD®Broves

these platforms by learning the user informatiomaled and

adjusting the insertion and query forms accordingly

Indexing, Provenance and Disagreement handling in data
sharing environments. Data Ring [1] allows multiple peers to
share content by declaratively defining the scheiad
capabilities in XML and leaving to the system theexing and
replication of the data. Orchestra [18] is alsedshon peer to
peer schema integration and assumes the existaiagomnal
schemas. CADS maintains a centralized repositoy laence
these works cannot be directly applied.

Information Extraction (IE): We have witnessed considerable
progress in IE, which has been recently partitiore@losed and
Open IE. [8] provides a recent overview of the tEaa

Closed IE requires the user to define the schentheoéxtracted
tables along with rules to achieve the extractins is too much
work for a user who inserts a document. The mdsvaat work
in this area is the recent work of Jain et al. [2djich shows how
IE systems can be combined to efficiently answek §Q@eries on
documents. However, they still assume that soméasecreated
these |IE systems for specific schemas.

Open IE [11] is closer to the needs of CADS. Intipatar, Open
IE generates RDF-like triplets, e.g., (Gustav,ategory, 3) with
no input from the user. Next, we describe why Offeris not
appropriate for our needs, even though we plardépiasome of
their ideas. Open IE leads to a huge number ofetsp which
prevent the successful execution @fttribute name, attribute
value structured queries and the suggestion of appitepria
attributes to the users at insertion and query tim@ADS.

The CIMPLE project [10, 6] uses IE techniques teate and
manage data-rich online communities, like the DBLIf
community. In contrast to CIMPLE, where data israeted from
existing sources and a domain expert must creatioraain
schema, CADS is a data sharing environment wheersus
explicitly insert the data and the schema autorabyievolves
with time. Nevertheless, the IE and mass collalmmaiechniques
of CIMPLE can help in creating adaptive inserticornis in
CADS.

Schema Evolution: Note that the adaptive annotation in CADS
can be viewed as semi-automatic schema evolutioevidus
work on schema evolution [3] did not address thebjam of
what attribute to add to the schema, but how tgsttpquerying
and other database operations when the schemaeshang

Query Forms. Existing work on query forms can be leveraged in
creating the CADS adaptive query forms. [19] pr@sosan
algorithm to extract a query form that representsstmof the
queries in the database using the "querability'thef columns.
[20] extends this work discussing forms custom@ati[27] uses
the schema information to auto-complete attributeatue names

in query forms. A limitation of the above formstiigt they do not
consider the information demand or the entity miatgh
uncertainties. In [6] keyword queries are useddiect the most
appropriate query forms.

3. CADSPRELIMINARY DESIGN

The CADS system has two types of actors: producerd

consumers. Producers upload data in the CADS sysi&ng

interactive insertion forms and consumers searchrétevant

information using adaptive query forms. In the reSthe paper
the term data usually refers to a document; ofyyees of data are
also possible, but we focus on documents for soipliFigure 2

presents a typical CADS workflow. Figure 3 shows gossible
components of the two major CADS modules, the bitserand

Query modules.

Insertion phase: The insertion phase begins with the submission
of a new document to be included in the repositAfter the user
uploads the document, CADS analyzes the text amdtes an
adaptive insertion form with the set of the mosthable(attribute



name, attribute valyepairs to annotate the new document. The
user fills this form with the required informati@md submits it.
The final stage consists of the storage of thecstenl document
and metadata in the CADS repository.

Going back to our disaster management motivatingnago,
Figure 4 presents the adaptive insertion form Far hurricane
advisory document of Figure 1. After the user submnthe
document, the system analyzes the content, and fihdt the
following attributes are relevant:  “Storm Name”Stbrm
Category”, “Warnings”. These attributes are addedatset of
default attributes like: “Document Type”, “Date” @fiLocation”,
which are basic metadata that a domain expert feagded for an
application. The “Description” attribute is usedinput the whole
text of the document.
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Figure 2: CADS Workflow.
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Figure 3: Architecture of Insertion and Query Modules.

In addition to extracting attribute names, the didepinsertion
form also extracts the attribute values by employiiE

algorithms. A confidence threshold for the IE mbst set. A
lower threshold may bias the user and lead to ®frothe data,
whereas a high threshold may lead to many emptibders,
which may frustrate the user. Ideally, the erroresalues are
corrected and the missing attribute values are algninserted
by the user. This means that the quality of thia diepends on
the reliability of the users. User trust and apgs® techniques
must be considered for large-scale deploymentsA@i &

As shown in Figure 4, attribute names and attribugtiies are
presented as text boxes. If the user wants to @gsanore than
one value to an attribute e.g., multi-valued attributes like
“Warnings™ then she can use the plus icon at the right to add
attribute values. Each textbox has auto-completiapabilities,
which exploit similar entries inserted before ie game attribute.

It is also important, to notice that a user can add attributes,
which are not suggested by the adaptive form. ©he forovides
the option to do this task, in the spirit of thea@te Base [14].
When the user specifies a new attribute, CADS twjlto match it
to existing attributes and show to the user a fetching options.
The user can reject these suggestions and go alustidg the

new attribute. In this way, advanced users carabolate for the
schema construction.
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Figure 4: Adaptivelnsertion Form.

Query phase: In the query phase, the user is presented with an
adaptive query form (Figure 5), which suppdjsribute name,
attribute valug conditions. Initially, before CADS has began
learning the information demand through processhey query
workload, the query form only specifies the defaaftributes
(e.g., “Document type”, “Date”, “Location”). The @scan specify
additional (attribute name, attribute valueonditions. There is
also a generic “Description” attribute where theerugypes
keywords when she does not know how to put thekatimibute
name, attribute valyeconditions. The system discourages the user
from just using the “Description” attribute, becaubis does not
allow the system to learn the user information denan a
structured way, which in turn facilitates evolvitige schema and
performing schema mappings.

In some cases the conditions may trigger additiataibutes

recommendation, which CADS believes could be hélfifuthe

user to further refine the query. For instancehéf user specifies
the attribute “Storm Category” and previous useh® wpecified

“Storm Category” also specified “Wind Speed”, titee adaptive
query form will suggest to the user the attribugirid Speed”.

Further, if the attribute specified by a user isikir to another
existing attribute, CADS will suggest a mappingvesn the two
attributes, in the spirit of pay-as-you-go integmat Also, the

system may suggest replacing the text in the gefi@escription”

attribute value with somegattribute name, attribute value
conditions.

When the user decides that her query form is cdeplshe
submits the query. In this last phase CADS willdfithe most
important pieces of data (e.g., document) for therg The
querying strategy must combine keyword search withertain
structured query principles. The system returran&ed list of the
results, where the ranking is personalized. In otog@ersonalize,
CADS may assume that users generally look for aimiems
every time they search. A user profile may alsoubed. Also,
note that CADS will typically return whole documenin the
result. However, if the schema of the repositorsnaure and the
query is selective, it is possible to return spedgtftribute values,
in a way similar to the NAGA system [23]. The lattpiery result
type is a possible future direction for CADS.
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Figure 5: Adaptive Query Form.

In Figure 5 we show the progression of an adagjivery form in
the disaster domain. In the left window we showittigal status
of the query form. The generic form starts with sodefault
attributes: “Document Type”, “Location”, “Descripti”. The user
is encouraged to specify other attributes, whicldoonly refine
the query, but also help CADS learn the user in&diom demand.
For instance, in Figure 5 the user adds an at&ibatled “Storm
Category” using the auxiliary window. Then, thenfosuggests to
the user to also include the attributes “Storm Naared “Wind
Speed”, which are correlated with “Storm Categarythe query
workload. After that, the system tries to auto-cetepthe attribute
value for “Storm Name” again using the past quenrkioad.
Finally, the system asks a pay-as-you-go schemapimgp
question: if “Warnings” is equivalent to “Watch”, here the
former is part of the existing schema (see Figyrantl the latter
is a user specified-attribute.
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HURRICANE GUSTAV INTERMEDIATE ADVISORY NUMBER 31A (NOAA)

EYE OF GUSTAV NEARING THE LOUISIANA COAST. HURRICANE FORCE WINDS OVER PORTIONS OF
SOUTHEASTERN LOUISIANA.

Nearly 2 million flee Hurricane Gustav (Reuters)

NEW ORLEANS, Aug 31 (Reuters) - Nearly 2 million people fled the Lovisiana coast on Sunday as Hurreane Gustav
moved within hours of striking lznd, possibly with & wealer punch than 2005’ devastating Hucricane Katrina

Figure 6: Query Results.

Figure 6 shows the results of the query. The doctiinserted in

Figure 4 is the top result. Note that each resulthie list may

partially or fully satisfy the query, and is ownbg a user. The
trust degree of the owner for the querying user beaysed as one
of the ranking factors, in addition to factors likelevance and
importance.

4. CHALLENGESAND RESEARCH
DIRECTIONS

As mentioned in Section 2, the CADS platform camseemuch
previous research on collaboration systems. Howewgany
research pieces are missing, mainly regarding tgerithms
behind adaptive insertion and query forms. We emateethese
challenges and preliminary ideas on how to address.

Discover best (attribute name, attribute value) candidates for
a newly inserted document: This line of research will decide

what attributes the adaptive insertion form willggast to the

publisher (inserter). The following factors mustdomsidered:

a) Theinformation valugeas specified by the past query workload
W, which is related to the Value of Perfect Inforioatin [22].
For instance, if the attribute “Storm Category'uUsed in many
queries, then we may want to suggest it to a uUsdribsert a
document that contains the word “category”. We wailsign an
information valud”(A;, W) denoting how useful attribut is,
given W. A simple way to computé(A, W) is to count the
number of queries in W that specify. If the user has already
specified some conditions in the adaptive querymfoour
algorithm will use their correlation t# in W. We will create a
probabilistic model based on the Probabilistic fnfation
Retrieval (PIR) ideas of our previous wdiK]. The estimation
of I'(A;, W) should also exploit the associations in @&DS
Graph (Figure 7), which connect groups, users, and.data
particular, we assume that the ddtsubmitted by a useris of
more interest to usesswho are closely associated uoon G,
e.g., through common groups. We can weigh the gsiéni the
workload according to their relevanceuto

b) The confidencethat an attribute’; is relevant for a to-be-
inserted documerd. The rationale of this factor is that we do
not want to suggest to the user an attribute jestbse it is
popular in the query workload, if this attributeeganot have a
good chance to be relevantdoA, may be relevant td if we
discover (e.g., through IE algorithms) thfgtappears ird, or if
another attributéy appears ird, which is highly correlated to
A;. The correlation will be computed based \6h Hence, the
attribute confidencé:A(Ai,d,W)depends on alA,d,W. We need
to adapt Information Extraction (IE) algorithms tompute
C™(A,d,W) for document data, which are the main focus of
CADS. In particular, we should leverage the work@pen |E
[11] to extract triplets of extracted data, and nthapply
thesaurus and ontological knowledge (e.g., WordNeg)[12].
Further, producers have an inclination to publish tlaeir
documentation with a similar structure, which tlgstem could
learn. This observation came from our interactioithvthe
Miami-Dade County Emergency Office, where the pahed
reports typically have a common header and stractur

Matching of attribute names and attribute values across
queries and inserted documents: Given that CADS is an open
system, it is possible that different users uséwdift names or
structures to represent the same concept. We sheardider
matchings between attribute names omiken attribute values.
The matching between different schemas is a wallknproblem
[28, 33, 24, 34] with various proposed solutionsdshon analysis
of the data content or the schema properties. A mpanciple in
CADS is that integration will occur in a semi-autaio way at
both insertion and query time. In order to minimitree user
involvement, previous schema matching and entity
disambiguation [ 35] methods must be adapted ierci@ create a
good ranking of the candidate matchings at inseréiod query
time, and present the user with a very small selissimbiguation
questions. The work on pay-as-you-go integratiof] [B an
excellent starting point.

As in the case of attributes suggestion descrilbedey candidate
matchings M(r,s) are ranked based on two factors: The
Information Valuel™(M,W) and the confidenc€(M,d,W). The
IM(M,W) measure is based on the following intuition: Iiser



submits attribute r, and s has a high informatialue in W, then
the matching between r and s will also have HijM, W) The
queries in W may be weighted based on their relevao user u
who submitdd, as described above.

The C¥(M,d,W) consider not only the workload W but also the
inserted datad. Our problem is different from previous pay-as-
you-go integration projects [25,22], because théegration
occurs at insertion time and not only at query titdence, the
confidence of a confirmed matching is much morelitde than in
the case of query-time integration, because théighgs confirms
matchings of her own data, and not of possibly osmrces.
Further, the candidate matchings are ranked basedao
combination of the data annotations and the rava dantent
(e.g., text of document). We could employ a leagrathgorithm,
similar to the edge weight learning algorithm ir, [0 weigh
these factors based on the past user selections.

Another difference is that CADS can leverage thenmunity

links and data associations, represented at the SCAaph

(Figure 7) to guide the matching process. A maglatgorithm

can be created by expanding the similarity floodidea [24] to

operate on the more complex CADS Graph. In [24 tivo

candidate schemas were represented by a set ef¢ahémas. In
contrast, the CADS Graph also contains data inegnesers and
groups. Recent work [15, 32, 9] performed relevararking of

the nodes for query answering purposes. We mugit atiase
works to do similarity ranking — e.g., combine FR#ak [15] with

Similarity Flooding [24].

Storage of annotation data: It is challenging to efficiently store
the documents and their metadata (extracted data)way that
CADS will scale to thousands of users and milliaisshared
data. As different documents will have differentribtites, this
information could be very sparse, so a relationatleh could be
very inefficient to implement. Further, attributase dynamically
added to the system. A more promising alternats/e itriplet
model, which representd,e,v) facts whered is a document ide
is the attribute name or predicate amdis the value of the
attribute. The storage of triples is well studiedRDF systems
[31]. It has also been studied in clinical managersgstems [9].

Discover best conditions to suggest in adaptive query forms:
We need to exploit past query workload, historitadand user
interactions, to create the best adaptive quenmy flar a user. A
good adaptive query form will allow the user, wsabt aware of
the structure of the data in the repository, tadvegéxpress her
query.

There has been significant work on user-friendlgrguinterfaces
(query forms) to express database queries, assdisdun Section
2. These works assume a well-defined schema i(retdt or
XML) and a valid instance. In contrast, in our desh we have a
set of data pieces, submitted by different useith unprecise
annotation schemata. Further, the content (e.xt) té the data
and the user associations must be considered.

For every candidate attribuge (or value) in the workload W, we
will assign a relevance scoR{A,u,W,Q),given the user u and the
current state of the adaptive query form Q, i.ee tdready
specified attributes and values. Then, the topAked attributes
will be suggested to the user, where k is a smalntrer
depending on the size of the screen real estatbeohdaptive
query form. The relevance has the following compaiste

a) The user affinity that is, the relevance degree of user u to the
attribute A.. For that, we will create the query workload graph
Gw, Where the attributes of the past queries of eaehn will be
connected to the user, and the users will be céeddo each
other through common group nodes, as in Figureh@t §,Gy
will have user, attribute and group nodes. We camnthe idea of
SimRank proposed in [2].

b) The correlation between Ai and the selected camuiitiQ. We
can employ the ideas from our work on ranking SQiery
results [7], where association rule mining is usedompute the
attribute correlations. These techniques must bdified to
account for the user associations. In particula,will weigh
the queries in W according to the relevance of uker who
submitted each query to u.
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Ranking query results: After the user submits the query to the
system, CADS must use a strategy to rank the data the
repositoryD. Recent work [15, 32, 4] on querying tagged Web
pages is an excellent starting point on how tagsumers can be
leveraged to query Web pages. They generally moskals, pages
and tags as a tripartite graph and propose adapsanf the
PageRank algorithm. However, these works view therigs and
the annotations (tags) as lists of keywords, thathey do not
consider any structure on the query or the anmwotati Further,
they only use the tags of the pages and not the pagtent.
Instead, our ranking algorithms will exploit bothetannotation
structure and the raw content of the data.

A unique characteristic, which has not been stubtiefdre, is that

a data piecael may be relevant to a query q either based on its
annotations or based on its raw content. This duces semantic
and performance challenges. How should the anoottbe
weighed vs. the content to achieve a relevanceesood? How

can we create efficient hybrid algorithms that avguerying both
the annotations and the contendaf

In terms of ranking semantics, if the query corgaiboth
structured conditions (“city”="Miami”) and plain k®vords



(“flood”), a possible strategy is to use the stauetl query as filter
and use the keyword query for ranking. This stiaisgsimple to
implement, but assumes that the structure parhefdatabase is
complete and correct. As some documents are ngbppately
annotated, the system needs a more intelligertegirahat takes
into account the probabilistic nature of the antiote, that is, we
are not sure if an annotation is missing becausés ihot

appropriate fod, or because the publisher did not spend the time

to add. Nevertheless, annotations should geneballyiewed as
more important than the raw text, because they grawide a
Boolean match to the query. In contrast the teXy pnovides a
fuzzy matching. Hence, a query strategy may primnagnk the
resultsd by how much the annotations df match the query
conditions, and secondarily on the IR-style releeaaf the query

to the text ofd. Learning algorithms must be created to balance

these factors based on the user feedback, i.aligetick-thru.

To address the problem of the probabilistic natafe the
annotations, previous work on ranking under unaesta[17]
must be adapted for the hybrid filter/ranking modél CADS
querying. This incurs efficiency and scalabilitysugs, which
require smart execution algorithms to achieve tiead-responses.

5. CONCLUSIONS

We proposed CADS, a Collaborative Adaptive Data rifba
platform, which is a next-generation data sharitegfgrm where
the annotation and integration occur at both th& dasertion
(production) and querying (consumption) actionskey goal of
CADS is to leverage the information demand to eeataptive
insertion and query forms. We believe that CADS hagreat
potential to improve many collaboration environnse@nd hence
it is worthwhile to pursue research directions thdt allow the

realization of CADS.
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