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Abstract

Data fusion is the process of enriching data sgtdmbining information from
different sources, to provide a single data settoe in. Data fusion projects are
complex, and to structure these we have built ags® model for data fusion, inspired
by the CRISP process model for data mining. Thegerad is to build a fusion factory,
where fusion projects are automated much as pessibl

1. Introduction

One may claim that the exponential growth of infation provides great opportunities
for data mining. In practice however, this infotioa may not be directly accessible. It
is fragmented over an even faster growing numbersairces that only provide
information on a small number of cases. This resita barrier to more widespread
application and successful exploitation of dataingn

Data fusion can provide a way out. It is the preaglscombining information from
different sources into a single, enriched datdasdurther data mining. It facilitates the
application of data mining by providing more datamine in and allows the data miner
to find valuable patterns that would otherwise goaticed [7].

Data fusion projects can get quite complex. Insteha@ single data set, several
heterogeneous data sources are involved in thequoe that need to be mapped onto
each other. Source data sets with hundreds todahdesof variables in a wide range of
logical and physical formats are not uncommon. fikgon process itself consists of
many intertwined phases and steps, and a lot afehdave to be made. What the right
choices are is predominantly determined by factortside the fusion procedure itself,
namely the business and data mining goals for withielenriched data set will be used.

Despite these challenges, we envision a streamfirsédn procedure where the core
steps can be carried out in less than a workingkvirstead of weeks or months. To
standardize and structure fusion projects we ddctdedevelop a data fusion process
model, borrowing some key concepts from data mipirigess models like CRISP-DM
[2,4,8]. The end goal of the fusion process modeloi rationalize the process — and
automate it where possibl&he development of the process model took plagaiallel
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Figure 1: Data Fusion Example

with three major commercial data fusion projectsried out by Sentient Machine
Research, for a financial services company, a tsharid a marketing data provider.
Further input was provided by previous experiméotabn a variety of data sets and
some 25 data fusion cases from research literature.

The goal of this paper is to present a generalviaxerof the data fusion process
model. As may be expected, it takes more than rushing a fusion algorithm on a
given data set to carry out a successful real wddih fusion project. It is our aim to
give relevant examples of typical, expected or peeted issues that can arise when one
wants to apply data fusion in the real world indtefia lab environment, as an example
of the difference between Al research and practice.

Note that a process model is primarily focused dgniifying, grouping and
prioritizing the right questions to be asked, ratti&n providing technical solutions
itself, thus providing a framework for fusion resdgmaand development.

We will first illustrate the main idea of data fasi (section 2). In section 3 we
describe the goals for the process model. Thernvarview of the process model itself
will be presented, illustrated with examples of iearld cases (section 4), followed by
the conclusion (section 5).

2. Data Fuson

Valuable work has been done on data fusion in aytheey than data mining. From the
1970s through the 1990s, the subject was both goippelar and controversial, with a
number of initial applications in economic statistimainly in the US and later in the
field of media research mainly in Europe and Adistrfl,3,6,7]. It is also known as

micro data set merging, statistical record linkageulti-source imputation and

ascription. The application focus of most of thisrkvhas been on merging surveys with
surveys to reduce respondent fatigue or find matatibetween surveys from different
domains.



2.1 Data Fusion Concepts

We assume that we start from two data sets. Thasebe seen as two tables in a
database that refer to data sets that may betisjdie data set that is to be extended is
called the recipient séf and the data set from which this extra informatias to come

is called the donor sd. We assume that the data sets share a numberialblga.
These variables are called the common varia¥léihe data fusion procedure will add a
number of variables to the recipient set. Thesee@ddhriables are called the fusion
variablesZ. Unique variables are variables that only occuoria of the two set¥ for A
andZ for B. In general, we will learn a model for the fusigssing the donoB with the
common variableX as input and the fusion variabléss output and then apply it to the
recipientA. In most cases, statistical matching is used @asthe fusion algorithm. The
statistical matching approach can be comparddnearest neighbor prediction with the
donor as a training or search set and the recipieattest set.

2.2 A Marketing Example

Assume figure 1 describes the situation at an amswg company with 10 million
customers (recipient se%). They have collected a lot of internal data bgcking
customer interactions, such as policy ownershimintd data, response to direct
marketing, etc.

What they lack however is all kinds of externalommhation, such as ownership of
competing products, media consumption, lifestyle. étortunately there is a survey
available, paid for by all major players in theurence industry, for which 10.000
respondents were interviewed extensively (donoB3efThe company can learn a lot by
mining the survey.

Still there are some questions that cannot be aesweasily. The company could be
interested in the relation between unique variablesdZ. Examples are the relation
between survey questions and high value custornestpmers at risk of switching to
another company or owners of a specific productimohe survey. The company could
also be interested in information on an individigakl instead of an aggregate level, for
instance for the purpose of selecting prospectslifect marketing campaigns and other
forms of one-to-one interactions, either througmuoad selection or further predictive
modeling[7].

Data fusion can provide a solution. For instanssume that the customer database
contains 100 core variables, the survey contair@) 2@riables and 20 variables are
common to both. By fusing the database with theegyrwe carry out a virtual survey
by predicting answers to all survey questions fbd@ million customers — for a very
small fraction of the cost of interviewing all tkiosustomers, which would be infeasible

anyway*
3. Goalsfor the Process M odel

Though the main idea behind data fusion is singaerying out real world data fusion
projects from start to finish can be quite complax,explained in the introduction. In

! Today, in marketing, data fusion is often limitedusion on zip code alone.



Phase contains Dependencies

Goal Description
Outpuﬁ . lronrain‘
i Description results from PN
o Step contain Means .
i executes Goal Description
Role -—
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, contain
Task performed using Technique
Description Description
WHAT HOW

Figure 2: Process model elements

addition to these challenges, we envision thatcthre of the fusion project should be
carried out in five days. So it is no surprise thaicess automation is the main goal of
the process model [8].

This can be detailed into a number of objectivédge process model should function
as a basis for project management, reporting aadnpig. For project participants it
should provide a generic approach for projectss lesgerienced users may follow it as
a strict guideline, more experienced users canituae a checklist to verify whether
everything has been covered. It should provide @aM@dge management framework —
interesting project experiences or results froerditure can be generalized and stored in
the process model. Given this experience about Wieamajor pain points are during
projects and what possible solutions could berdvides a framework for continuous
process improvement and automation.

4. Process Model Structure and Content

As a major (and obvious) solution direction weénalhiosen a hierarchical structure for
the process model, just like in the CRISP_DM prsdes data mining [4]. This way we
can satisfy both the requirement of a high levetraew for setting priorities in
planning and automation and the requirement farerete, low level of detail.

4.1 Detailed structure

We distinguish between phases, steps and taskg€fi2). A phase (e.g., orientation
phase) in the process generally results in a adelverable (e.g., project agreement).
Phases differentiate in terms of the level of imt&on with the client (extensive for the
orientation phase). A phase is described in teffrits goal (e.g., determine fusion needs
and agree), the steps it contains, the dependehetesen the steps and the outputs
(both internal and for the client). Steps contaisea of activities that are preferably
performed out by a single person. Steps are geeanuagh to appear in most projects.
Steps are described by the goal, people involvegl @ient, account manager, project
manager, analyst), outputs, means like tools ampltgtes, tasks and techniques. Only
techniques descritieow a certain task may be achieved; phases, stefs, daly define



PHASE 1: ORIENTATION PHASE 4: EXPLOITATION
1.1 STEP: ACQUIRE FUSION PROSPECTS 4.1 STEP: DELIVER ANALYTICS
1 Task: Raise Awareness with Prospective ENVIRONMENT
Clients /\— 4.2 STEP: ANSWER BUSINESS
1.2 STEP: DEFINE POTENTIAL PROJECTS QUESTIONS
1 Task: Define Business Objectives \I— 4.3 STEP: EXTERNAL EVALUATION
2 Task: List Internal Data Sources 4.4 STEP: END REPORT
3 Task: List External Data Sources 4.5 STEP: SUPPORT
4 Task: Define Project Proposals
1.3 STEP: AGREEMENT NEXT PHASES
1Task: Estimate Activitiesand Data Costs
2 Task: Estimate Results
3 Task: Neaotiate Deal
PHASE 3: FUSION
3.1 STEP: ACQUIRE FULL DATA SETS
1 Task: Acquire full data and metadata
PHASE 2: AUDIT 2 Task: Check data requirements
2.1 STEP: ACQUIRE DATA SAMPLE 3.2 STEP: PREPROCESSING
1 Task: Acquire Data and Metadata 1 Task: Improve general data quality
2 Task: Check Data Requirements 2 Task: Preprocess for fusion
2.2 STEP: ESTIMATE DATA QUALITY 3.3 STEP: SELECT FUSION AND COMMON
1 Task: Assess Data Quality VARIABLES
2.3 STEP: ESTIMATE FUSABILITY 1 Task: Select Fusion Variables
1 Task: Select Potential Fusion Variables 2 Task: Select Common Variables
2 Task: Select Potential Common 3.4 STEP: FUSION
Variables 1 Task: Set parameters
2.4 STEP: ESTIMATE FUSION PHASE _\/ 2 Task: Fusion
ACTIVITIES AND RESULTS 3.5 STEP: INTERNAL EVALUATION
1 Task: Draft Fusion Recipe 1 Task: Evaluate Prediction Quality
2 Task: Estimate Activities 2 Task: Evaluate Representativeness
3 Task: Estimate Results 3.6 STEP: POSTPROCESSING
2.5 STEP: END REPORT AUDIT PHASE 3.7 STEP: END REPORT FUSION PHASE
1 Task: Summerize Audit Results 1 Task: Summarize Fusion Results
2 If go: Task: Agreement Fusion Phase 2 Agreement Exploitation Phase
3If nogo: Task: Propose Alternative
Qnlitinne

Figure 3: Process Modd

what needs to be achieved. In the following sectionswile go through the various
phases: orientation, audit, fusion and exploitatfe will not describe these phases in
detail here, but rather single out some interesgrgeriences we had in the pilot
projects, illustrating the practical steps needefibie and after running the core fusion
algorithm.

4.2 COrientation Phase

The goal of the orientation phase is to reach ameagent with a client for a well-
defined data fusion project. The phase starts waitfuiring a potential client and
formulating potential projects. The possibility pfojects mainly depends on the
business questions and available data sets. Thee pbads with formulating an
agreement, containing at least the business questiobe answered, the datasets to be
used and a high level agreement on the scope gfrtject, in terms of activities, costs
and planning.

A key step involves choosing the donor and recipiet to be used (step 1.2).

Before we started our pilot projects we assumed tihe recipient would be an



internal customer database provided by the client the donor would generally be
externally acquired. In our first pilot project wemediately encountered an exception:
the client wanted to enrich a commercially avagabbdress list with data that was
generally only known for loyal, existing relatiori§nding entirely new customers was a
major issue for this organization, and this waytbeuld analyze, profile and segment
the external market using exactly the same datan@ttiodology they used for existing
customers.

An important guideline in this phase is to stayropeinded: consider also other
techniques than data fusion. Many questions caansgvered just by mining on the
donor only, or mining a small sample dataset ofaruers appearing both in the donor
and the survey may be an alternative, if available.

This phase involves a lot of client interaction,asitomation is less appropriate and
obvious. Partial automation can be achieved byiginy ‘self service’ for the client.
For example a web site could be created with detisupport for discovering
interesting business opportunities that may beess$eéd with fusion, or search engines
that provide intelligent search through availalbeat data.

4.3 Audit Phase

The goal of the audit phase is to minimize the tiskt fusion benefits outweigh the
costs. Core steps are analyzing the data qualiysatecting the potential common and
fusion variables. Together with the client we decish the feasibility of the fusion
phase, based on these findings. If fusion is erdettt be infeasible, other donor and
recipient sets are chosen or the project is stoppeith minimal loss of investments on
both sides. The design of this phase is one madtref our experience in the pilot
projects. Driven by the envisioned time goals weeniirst tempted to ‘simply’ start
fusing, risking large investments in data preparati

Choosing the right common and fusion variableseg i this process (step 2.2).
The fusion variables must provide added value wépect to the business goals, e.g.
facilitating better selection of prospects. Toofdssible, there must be a strong relation
between common and fusion variables, and thisioelahust be representative between
donor and recipient. If the donor set is a sub$ehe recipient set the conditions are
generally good — all recipient variables can them$ed as potential commons.

This step poses interesting questions for the miatang and statistical communities.
How can we estimate the quality of a data set,teovd can we estimate the fusability of
two sets, without performing extensive data prefmmaand analysis? In our pilot
projects we found some rules of thumb for thesestipres, but more research has to be
done, including the theoretical underpinning oktheules.

4.4 Fusion Phase

The goal of the fusion phase is simply to perforne tfusion, following the
requirements defined earlier. First all data se¢saequired, loaded and preprocessed.
Then the fusion and common variables are chosenfuion parameters are set and the
fusion is performed, evaluated and repeated if s&g. The resulting fused dataset is
post processed to the desired format and the semdtreported to the client.



Because in this phase very large datasets are pseidymance becomes a much
more serious issue than in the audit phase. Thiesnautomation a must, for data
preparation, choosing common and fusion variabiestiae core fusion step [1,5,6].

We discovered that the other steps in this phase akeleast equally important,
critical and painful. In one of the pilot projedtse recipient contained hundreds of raw
variables for millions of bank customers. We neettedluster many variables in order
to deal with sparseness in the data set. We hachiigform common variables to the
same format, remove autocorrelations, perform p@imr weighting etc. Most
importantly, we had to filter out commons and fasi@ariables that were bad predictors,
hard to predict or irrelevant for the business dfjjes. In contrast to public domain data
sets, where most of the variables have some nel#iie behavior to predict, we often
encountered situations where up to 90% of the @vables were not relevant.

Extraction, transformation and load (ETL) tools geatly provide powerful facilities
to implement data transformations — however, thénngmestions is: how can we
determine, at least semi-automatically, what kifidransformations are needed given
the business, data mining and data fusion objexive

45 Exploitation Phase

The goal of the exploitation phase is to satisfg thusiness objectives, using the
enriched data set. This is the bottom line, extezmaluation of the added value of the
fusion variables.

If the focus has been put on the wrong fusion e a fusion with a reasonable
classification accuracy for 90 of the 100 variabtes likely be worse than a fusion
where 10 out of 100 were predicted well: the guatieasured in the fusion phase is no
guarantee for good quality in the exploitation gha8nother example is a situation
where a customer wants to make cross-tabulatioribeoenriched data instead of using
it as input for selection or predictive modeling.this case, it is important that relations
between variables are preserved, even for valuas @fe not frequent. This can be
achieved for instance by constraining the staistimatching procedure through
penalizing donors that are used too often in matcfi,5,6].

So generally, it will be very important to know whhe enriched data set will be
used for, to make the right choices in the auditl dmsion steps. However, for
competitive reasons some clients may be hesitasttdce what they want to do with the
fusion result, as we encountered in the pilot lier financial services company.

5. Conclusion

We have presented a high level overview of a psoogsdel for data fusion. The model
provides a framework for project planning, exeauticeporting, process improvement
and automation. It has been a very helpful tool Usrto guide the fusion pilots and
development of the data fusion factory. The mod arovides some typical examples
of problems that can arise in large scale, realdvapplications of data fusion and data
mining.
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