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November 12: Data Fusion

9:00-10:30 The problem of Data Fusion. Conditions for Data Fusion.
10:30-10:50 Coffee break
10:50-13:00 Example of application.
Steps for Data Fusion
13:00-14:00 Lunch break
14:00-15:30 SPAD-Graft: a toolkit for statistical matching
15:30-15:50 Tea break
15:50-17:15 Computer session with health survey case study

November 13: Data Fusion (cont.)

9:00-10:30 Steps for Data Fusion (cont.)
10:30-10:50 Coffee break
10:50-13:00 Validation tools.
Accuracy of the obtained results
13:00-14:00 Lunch break
14:00-15:30 Computer session with ECV_EPA case study
15:30-15:50 Tea break
15:50-17:15 Analysis of matched data files. Discussion on the obtained results
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The context of Data Fusion 320 LIAM

Context:
. Increasing need of statistical information (new areas of interest, new
economy, statistics of consumption, intangibles, ...).
. Increasing cost of survey information (survey burden and non response
rate).
. Increasing number of (secondary) sources of information with even a

faster rate of fragmented information (IT systems).

Jacques Antoine (Les Sondages: prospective des techniques et défis méthodologiques, 1999):

“développent de tout ce qui permet d’eviter d’interroger les gens”:
— Utilisation des base de données existantes.
— Utilisation des techniques de scanning pour identifier les objets et leur
caractéristiques.
— Utilisation d’information auxiliaires pour améliorer les estimations.
— Les techniques de fusion de fichiers permettant simuler les informations

manquantes.
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What Data Fusion is? 320 LIAM

Data fusion is a technological operation whose aim is to integrate the information of

two independent data sources.
Technically it involves the imputation of a complete block of missing variables.

Specific
Common variables Valroiabl|és
DONOR FILE X, Y, Donor file (X, Y,)
Recipient file (X))
~__— Common, hinge, bridge variables: x
RECIPIENT FILE )(] 7 Specific, fusing, imputing variables: y

Y, is a block of missing variables by design

The objective of the data fusion is to transfer the specific variables of the donor file
to the recipient file at individual (micro) level
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Principal Data Fusion applications s, LIAM

1. In official statistics

— To integrate information coming from two sources:
Fusion of survey data with registries (to give more value to the existing registries).

2. In media surveys
—  To impute the TV audience in a consumption panel
—  To impute the web usage to a representative survey

3. In Data Mining to enrich existing Databases
Data Fusion is mainly an ad-hoc problem undertaken for specific purposes.

Enrichment of a data base from a puctual survey Self-administered witth re-interview
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Data Fusion and Statistical Matching s LIAM

Data Fusion is similar Statistical Matching, but ...

Statistical Matching is mainly used by Academics. It refers to the bilateral fusion,
where the objective is to impute jointly both missing blocks in both files: Z, and
Y,, assuming donors and recipients, representative samples of the same
population and assuming some knowledge from the correlation between (Y,Z
(default is CIA: conditional independence)

X)

: Specific Specific
Common variables variables variables
Observations in both files are iid.

random draws of the same distribution XO Y 0

= =
~_~
S (X0, Y, Z0) = g(X,, %, Z)) P .
1 1
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Data Fusion and Statistical Matching i

Data Fusion is mainly used in entrepreneurial applications. It refers to the unilateral
fusion, where the objective is to impute the block Y,, assuming donors being a
representative sample of the population and the same conditional distribution in

both files.

c bl Specific
ommon variables variables

Donor file is (must be) a representative
sample of the population respect to the X Y
recipients. Recipient sample can be 0 0
taken with a different design

X;

(X Yy) = g(X, X))
f1X,) =g X))
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Micro and Macro approach sy LIAM

The micro approach means, first to impute (fill in, estimate) the specific variables at
individual level, then to compute the aggregate statistics (means, proportions,
covariances, ...) of the considered populations (donors and recipients).

(data fusion approach)

5 ‘ (Aﬁ,ﬁf,...,ﬁf),ﬁﬂ,z){m

The macro approach, where the emphasis is in the aggregate statistics, means first to
compute the parameters of the considered population (assuming a given
multivariate distribution, i.e. multinormal, multinomial), and then estimate the
individual data from the corresponding conditional distribution.

Xy Y, f(x)’f(yllxl)if(x,y):([tf,/};,...,,&;),iy,in

X, (statistical matching approach) ‘ fiIx)=y ij
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What we want in a Data Fusion operation? e

Data Fusion objectives:

Minimizing the prediction error Min E[y,-,/?

The imputed values should be as close as possible of the true unknown
values.

Reproduction of the conditional distribution of donors in the recipients:
J(YVX) =f(YyXy

Simulation of real data.

Both objectives can’t be jointly optimized.

If both samples are representative of the same population:

3.

Reproduction of the multivariate distribution of specific variables

f(Y1) = f(Yy).

(but in practice we content to reproduce the values of the marginal statistics
and the second order moments of the donor set in the recipient file)
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More objectives of Data Fusion 25 LIAM

3. Individual Coherence

To prevent nonsense values. The imputed values should be realistic for the
whole set of Y, variables.

4. Avoiding the imputation bias (black hole effect of knn imputation)

- E[Y|] = E[Ylj
— Reproducing the donor variability

Not repeating the same donor, taking more donors than recipients, introducing
variability by sequential imputation, ...

5. Measuring the uncertainty of fused data
— Imputed data is not observed data. It is predicted data, so it is uncertain.

6. Obtaining valid inferences
— We want to use the imputed data to infer results about the population
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Steps in Data Fusion . LIAM

1. Preprocess of data:
Stacking donors and recipients in one data file, cleaning of data, representativeness of
donors, significant differences between donors and recipients, ....

2. Selection of the hinge:
Predictive power of common variables, selection of the best subset of common
variables (hinge variables) to predict the specific ones.

3. Visual display step of donors and recipients

4. Imputation step:
Selection of the imputation model (model?, stochastic/deterministic, single/multiple).

5. Validation step:
Selection of the validation procedure of the imputation
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Technical aspects of Data Fusion s5;) LIAM

. Selection of the hinge variables among the common ones
. Selection of the imputation methodology

. Validation of the imputed data

1. Which and how many common variables we need to select?

2. What assumptions can reasonably be made about such issues such as
the “conditional independence” or the “prediction relevance” of the
variables being used?

3. What algorithm (technique) should be used?

4. Which tests of validation are appropriate?
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Data Fusion assumptions sy LIAM

1.- The Predictive Relevance Assumption (PRA):
The Y variables are fully explained by the X variables.

Y=i(X)+¢

where i(X) represents the chosen imputation model

and & represents white noise.

The PRA assumption implies the Conditional

Independence Assumption: ‘\‘ / ‘

The Y variables are independent of any other set
of variables Z given the X.

S Z1X)= 1y (Y1 X) [ (Z1X)
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Data Fusion assumptions sy LIAM

2.- Preservation of the conditional distribution f(Y/X):

We assume to have the same conditional distribution in both files f(Y /X ,)=f(Y yX,),
even though the joint distributions may differ (Lebart, Lejeune, 1995). The objective

of data fusion is to transfer the specific variables of the donor file to the recipient

file at individual level based on the f(Y/X,).

DONOR
FILE

RECIPIENT
FILE

Xy

f(Xono /ef(X,Y)) :f(Y/Xieylx)f(Xo /Hf(X))
g(Xl’Yl/‘gg(X,Y)) :f(Y/X’HY/X)g(Xlleg(X))
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Data Fusion assumptions sy LIAM

3.- Representativeness of the donor file:

We don’t assume that both files are random samples of the same parent
population (X, Y,) # g(X,,Y,). We just assume that the donor file is a

representative sample of the population (Santini 1988, van der Putten et al, 2002).
This assumption need to be tested and assured by the usual way of weighing.

Additionally it is necessary to test whether both files stem from the same population
respect the common information f(X,) = g(X,).
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Imputation model types ) LIAM

e Conditional or unconditional
e Deterministic or stochastic
 Parametric or non parametric

e Single or Multiple
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Conditional versus Unconditional imputation

Unconditional Mean imputation
Substitute every missing value for the mean of the corresponding variable

(i.e. the mode for the categorical case)
Preserves the mean

Reduces the variances and covariances 2

Destroys the distribution
Distorts the correlation with other variables

(—_)/j

yij,miss

Random draw from the unconditional (marginal) distribution

Substitute every missing value for a random draw of the global distribution
Preserves the mean,
Preserves the variance
Preserves the distribution of the variable
Destroys the correlation with other variables

Vymss < £ (316))

Imputation should always be conditional

Tomas Aluja, Josep Daunis. Data Fusion course. Idescat Novembre 12, 13, 2012

160

140

110

100

ymeargiglelmp

200

140

T
&0 100 120 140 160

17



Deterministic versus Stochastic imputation

Deterministic or Stochastic

Imputed values )511-]. can be obtained by a deterministic or stochastic mecahnism

We can impute a deterministic value (i.e. a conditional mean) or
We can impute a random draw from a distribution

Deterministic i(X) <« E(Y / X) )A/; <—E(y§ X, 6y

Minimizes the prediction error Min E[Y1 -

Hh<)

T

Stochastic  i(X) « f (Y /X) )A/; «— f(ylf xl-()’ewx)

Simulates a real instance of f(x,,y,)

FOX) = f(Y ] X,)
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