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Aspects Concerning Data Fusion
Techniques

SUSANNE RAESSLER AND KARLHEINZ FLEISCHER

Abstract: Data fusion techniques merge data sets of different survey samples
by means of statistical matching on the basis of common variables. As a result
a virtual sample of complete, but artificial nature is generated. Because being
completely unobserved, the missing information of an individual in one sample is
imputed using the observed data values of some individual which is found to be
most similar in the other sample. The power of data fusion techniques is analysed
and the parameters of the distributions of all variables in the artificial sample are
formulated. The correlation between variables not jointly observed, which can only
be estimated by means of the matched file, is of main interest herein. Furthermore
the influences of nearest neighbour matches, several so—called marriage processes,
and small sample sizes are the focus of simulation studies.

Key words: missing information, imputation, merging data sets, statistical mat-
ching.

1 Introduction

Empirical studies concerning the association between individual television viewing
and purchasing behaviour, for instance, occure to be difficult in the majority of
cases. The ideal medium would be a very large consumer panel, where each in-
dividual’s purchasing and television viewing behaviour would both be measured.
However, the costs of running a large single source panel of this kind are prohibiti-
vely high. Furthermore, a high percentage of nonresponses or poor quality of data
are to be expected. A powerfully attractive alternative is to make use of a data
fusion technique to link together, for example the viewing information available
from a television measurement panel with the purchasing data available from an
existing large market tracking panel.

Especially in the area of media analyses, data fusions have been performed in
France and the UK with a reasonable degree of accuracy as published by Antoine
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(1987), Baker (1990) and Roberts (1994). Further descriptions of data fusions
done in practice could be found by Okner (1972a and b), Okner (1974), Ruggles
and Ruggles (1974) or Scheler and Wiegand (1987). On the other hand there is
scepticism among theoretical and practical statisticians about the power of fusion
techniques (see Sims (1972a and b), Bennike (1987) or Gabler (1997)). Only a
few publications, for instance, Woodbury (1983), Sims (1972a and b), Kovacevic
and Liu (1994) or Wiedenbeck (1995), are known to mathematically study fusion
algorithms and investigate their efficiency under certain circumstances.

This paper analyses the power of some data fusion techniques. Their influence on
the estimated joint distribution of the variables not jointly observed will be shown
herein with the help of mathematical methods as well as simulation studies.

2 Fusion algorithm

Data fusion is initiated by two samples, one usually of larger size than the other,
with the number of individuals appearing in both samples (i.e. the overlap) clearly
negligible. Only certain variables, say Z, of the interesting individual’s characte-
ristics can be observed in both samples; they are called common variables. Other
variables, Y, appear only in the larger sample while others, X, are observed exclu-
sively in the smaller sample. (For generalization purpose X, Y, Z can be treated as
vectors of variables.) Since no single sample exists with information on X, Y and
Z together, an artificial sample has to be generated by matching the observations
of both samples according to Z. The matching is performed at an individual level
by means of statistical matching; this is often called the marriage process.

Without a loss of generality, let the smaller (X, Z) sample be the so—called reci-
pient sample and the larger (Y, Z) sample the donor sample. For every unit ¢ of
the recipient. sample with the observations (z;, z;) a value y from the observations
of the donor sample is determined and a data set (z1,y1,21),...,(Zng, ¥ng, 2ng)
is constructed with ng elements of the recipient sample. The main idea is to
search for a statistical match, i.e. a donor unit j whose observed data values of
the common variables are identical to those of the recipient unit .

As long as the overlap is poor, there is little chance to find a perfect match for
each individual, especially if (some) common variables are continuous. Described
by Baker (1990), Roberts (1994) or Antoine (1987), the marriage process is carried
out using an algorithm based on nearest neighbour techniques calculated by means
of a distance measure d(.,.). The marriage algorithm may use all or some of the
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common variables, weighted or not, to find for each recipient unit 7 one (or more)
donor unit(s) 5 whose distance d(zi, z;) is minimal. By restricting the multiple
choice of a donor for different recipients, further variations on the algorithm can
be created. To limit the number of times a donor is taken, a penalty weight may
be placed on donors already used, as the multiple choice will otherwise reduce the
effective sample size and lead to underestimation of the true variance. Another
modification is to take the next three (or any other number) donors and impute
their (weighted) mean. If the multiple use of donors is restricted or combined with
a penalty function, the resulting artificial sample, i.e. the fusion sample, may vary
depending on the order the donor units are taken. Other algorithms are known
to limit this problem by, for instance, cross—checking all matches after fusion
and sometimes abandoning certain matches in order to find a better donator—
recipient combination afterwards. Antoine (1987) gives a short description of such
algorithms.

2.1 Distributions computed by fusion

In the following all density functions (joint, marginal or conditional) and their
parameters produced by the fusion algorithm will be marked by the symbol ™.

Let X,Y,Z be multivariate random variables with joint discrete or continuous
density function fx,v,z. Thus, for discrete variables, fx,v,z(z:, ¥i, zi) describes the
probability to draw a certain unit i with observation (z:, ¥i, 2;) and for continuous
variables it is the value of the joint density function at the point (zi,yi, z:). To
keep things simple, only the expression “probability” will be used hereafter. In
case of continuous variables, f as the density function instead of the probability
function may be taken.

If the units of the two samples are drawn independently from each other, the
distribution of the donor sample of size ns is [, fv,z(v:, zi) and likewise the
recipient sample is distributed with probability function H:'=E1 Fx,z(zi, z).

Furthermore, let the fusion algorithm be one of multiple choice of the donor units
without any penalty function. Thus the units of the artificial sample can be trea-
ted as being drawn independently with probability fx,y, z(z, vy, f) each. The fusion
algorithm therefore induces the probability distribution H?:l fx,v,z(zi, i, zi) on
the set of all possible fusion samples. They can be handlétl as simple random samp-
les drawn from an artificial population with distribution fx,v,z(z,y, z), which may
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be called the “fusion distribution”.

Often the fusion sample is used to estimate parameters (such as means, variances,
covariances ot higher moments) of the “initial” population following fx,v,z(zr,y,2)
with ‘traditional methods. To judge the quality of such estimates, which in fact
means the power of the fusion, the relation between f;(,y,z(x,y,z) and fx,v,z(z,y,z)
has to be examined.

2.1.1 Distribution of the artificial sample

As already specified, let the probability to get a particular unit 1 after the fusion
with observation (zi, i, zi) be fx_y, z(%i, i, 2i). This is equivalent to the probabi-
lity of drawing a particular unit 1 of the recipient sample with observation (z;, z;)
and merging this unit with a unit j from the donor sample with observed values
(yj,2j), where z; = zj. The probability for a donor unit j with observed value
zj = z; from Z to have the observation y; from Y is obviously fyz(y;|z;).

Hence the probability to observe (z,y, z) for any unit of the fusion sample is

fx.v.z(z,9,2) = fx.z(z, 2) fy)z(v]2) (1)

provided that donor and recipient sample have been drawn independently from
the same population. Thus,

fxvz(z,v,2) = fxz(z,2)frzvz) = fx1z(212) f2(2) friz(vl2)

= fxiz(zlz)fr.z(v, 2) (2
and the conditional distribution is given by
frxiz(@ulz) = fxiz(elz) friz(vl2). 3)

It should be noted that this derivation is only admissible if, for every recipient
unit, there is a donor unit with the same observed value z for Z. Especially in case
of continuous distributions, this will not happen often, and a nearest neighbour
unit in z has to be merged. The influence of such a nearest neighbour match on the
computed distribution after the fusion will be discussed on the basis of simulation
studies as well hereinafter.
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2.1.2 Marginal distributions after the fusion

The marginal distributions of fx,y,z are now easily obtained with the help of (2):
@ = [ [FovaGo o= [ fxa0) [ et =
= fx(z) (4)
as is fy(y) = fr(y) and fz(z) = fz(z). Furthermore
Fraen) = [Toratmn iy =fxatms) [ sl =
= fxz(z,2) (5)

and also fy, z(y,2z) = fv,z(y, z). Different from their initial distributions are

fx,Y(z, y)

/ Frovz(@, v, 2)dz = / Fxiz(z|2) f2(2) friz(l)dz, (6)
Fxvz(z,9,2) = fxz(z,2)friz(vlz) =

= fx,z(z,2)fy|x,z(y|z, 2) —fy{)tljgll:?z)
friz(ylz)  _
frix,z(ylz, 2)
fxz(z|2)
xy,z(zly, 2)

Ix,v,z(z,9,2)

(M

fX,Y,Z(z) Y, Z)

Thus, the distribution of X, Y, Z after the fusion is equal to the initial distribution
if X and Y are independent, conditional on every possible value z of Z, i.e.

Tyix,z(ylz, z) = fyz(ylz) or equivalent fxiv,z(z|y, 2) = fx|z(z|2).

Especially Sims (1972a and b) called for conditional independence as a main
assumption for a reliable fusion.

Moreover, all marginal distributions, which could have been estimated already
by the two separate samples, are identical before and after the fusion. Only the
joint distributions of variables not jointly observed are different. Note that all
derivations above are valid for vectors of random variables- X,Y, Z as well. Accor-
dingly all moments concerning variables of one or the other sample are identical
for the fusion distribution and the initial distribution. See for instance gx = ux,
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E(Xi) = E(X"), % = 0% and so on. Thus testing the accuracy of the fusion by
properties of the marginal distributions of variables observed in one of the two
samples is by no means useful for validation of fusion results.

Consider now the moments of the joint distribution of variables from different
samples. The correlation between X and Y generated by the fusion, measured as
covariance Cov(X,Y), is

Cov(X,Y) = Cov(X,Y)—E(Cov(X,Y|Z)). (8)
This result, however, can easily be obtained by first calculating E(Cov(X, Y|Z)):

E(Cov(X,Y|Z)) = / [E(X - Y|Z = z) — E(X|Z = 2)E(Y|Z = 2)] f2(2)dz

- / [//”yfx»le(z,yIZ)dzdy

—/zfx,z(zlz)dz/yfy|z(y|z)dy] fz(z)dz

=///nyx'wz(zy!I|Z)fz(z)d$dydz

—///zyfx|z(x|z)fy|z(y|z)fz(z)dzdydz

///zyfx,y,z(z,y,z)dzdydz
_///zny,Y,Z(t,y,Z)dzdydz

= E(XY)-E(XY). (9)
Thus E(XY) = E(XY)-E(Cov(X,Y|Z)) and
E(XY) —uxpy = E(XY)-puxpy —E(Cov(X,Y|Z)) and because of p = 4.
Cov(X,Y) = Cov(X,Y)—-E(Cov(X,Y|Z)) gq.e.d.
This leads to
E(Cov(X,Y|Z)) = Cov(X,Y)-Cov(X,Y), (10)

i.e. the average covariance of X and Y is just the difference of the covariances
from the initial, the real distribution and the fusion distribution. It may be used
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as a quality measurement of the fusion. The closer this value gets to zero, the
better the true correlation is reproduced by the fusion.

In analogy to (9) it is quite simple to show, that

E(Cov(X',Y?|2Z)) = E(X'V?))—E(X'Y’) and (11)
Cov(X',Y?) = Cov(X',Y?)=E(Cov(X',Y’|Z)) (i,j € N). (12)

Accordingly the fusion can produce “good results” concerning the true correla-
tion between the variables X and Y never jointly observed only if they are on
the average conditionally uncorrelated, i.e. E(Cov(X,Y|Z)) = 0. The same
applies to higher moments. Therefore the independence of X und Y conditional
on Z, as postulated by Sims (1972a and 1972b), is sufficient but not necessary.

2.2 Application on certain distributions

Under the assumption of a multivariate normal distribution for the joint distri-
bution of X,Y,Z Wiedenbeck (1995), has shown the following results after the
fusion, independent of the real correlation Cov(X,Y):

Cov(X,Y)=5xy = L’Lfg’ﬂ (13)
zZ

Using the expression (10) this leads to

E(Cov(X,Y|2)) = Cov(X,Y)-Cov(X,Y)=oxy — %‘-’2
¥4

Thus, after the fusion process the variables X and Y are computed uncorrelated
without respect to their initial correlation, if X, Z or Y, Z are uncorrelated.
Otherwise, if X,Z and Y, Z are correlated, then X,Y are computed correlated as
well, although they may be uncorrelated initially.

Consider now X,Y, Z as being transformed via (e* ,e¥,e?) to lognormally dis-
tributed random variables whose means, variances and covariance are specified

by

* —- px+0‘502
Bx = e X
2 2 2, o2
o = extok(ek 1) =i’k - )
* -}-0.5:72 +u +0.562 PX,YOXOY k% X,y
oxy = elx X Y Y(e X - 1) - “XI‘Y(B x - l)
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and so on. Let the parameters of the distribution of transformed variables based
on a normal distribution be marked by the symbol *. Finally the reproduced
correlation of X and Y is given by

EJI(eX,eY)

o o zZ
~%k * * TXTY X f’Y
ox,y = pxpy | € z —-1)=

wxuy (eoiaapx'zw’z - 1) (14

In general, it could be difficult to calculate the exact formulas of the covariance
reproduced by the fusion algorithm. Therefore, the investigation hereinafter will
be if and to what degree of accuracy the presented results can be computed by
simulation.

3 An experimental design

As mentioned before the fusion distribution was derived assuming the existence
of a donor unit with identical z-values for every recipient unit. Since it is com-
mon practice to use several sociodemographical variables often combined with
other continuous variables as common Z variables, the above assumption is most
unlikely.

Hence the simulation study in the following is performed to consider the accuracy
of the fusion distribution and estimators such as means, variances and covarian-
ces derived from it and affected by different continuous variables. Likewise, the
influence of nearest neighbour matches, different marriage processes, and varying
sample sizes will be discussed.

To keep it simple, the simulation study is limited to trivariate normal and lognor-
mal distributions.

3.1 Random number generation

To generate random numbers considered as realizations of a standard normal
distribution, a simple random number generator randn() of the MATLAB 4.0
program is used. All the programs needed for the simulation study have been
created in the matrix programming language MATLAB 4.0 which is a product
and trademark of The Math Works, Inc.
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Based on standard normally distributed variables U, V, W produced by randn(),
the multivariate normally distributed variables X,Y, Z are given by

UV, W) ~ N(0,I)
Z = U-oz+upz
X = V.oxiz+uexz
Y = W.oyizx+nyzx

assisted by their conditional distributions, for further notes see Johnson (1987),

p.- 50. Realizations of lognormally distributed random variables are easy to obtain

by calculating (e*,eY, e?).

3.2 Marriage processes

The statistical match or marriage process is carried out by using a simple nearest
neighbour algorithm first. For each recipient unit i, the missing information Y is
imputed taken from the donor unit j whose distance |z; — z;| is minimal. The donor
sample size is twice the recipient sample size with ns = 10000 and ng = 5000. A
donor unit can be used many times without restrictions for other marriages; this
process may be called “polygamy”.

Moreover, the sample sizes are reduced considerably. Further variations of the
algorithm are dealt with by restricting the multiple choice of the donor units.
Thus the following experimental design results:

(1) “Polygamy”, i.e. any multiple use of donor units is allowed with
— ns = 1000, ng = 500 and
- ns =500,ng = 500.
(2) “Bigamy”, i.e. any donor unit can be used twice only with
— ns =1000,ng = 500 and
~ ns = 500,ng = 500.
(3) “Monogamy”, i.e. any donor unit can be used once only with
— ns = 1000, ng = 500 and
— ng = 500,ng = 500.
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4

3.3

If the data sets are sorted, the order of sampling donor units influences the
resulting fusion sample. Since the sample units are ordered at random, no
special effect is to be expected by sampling one unit after the other.

“Free-triple”, i.e. imputing the observations’ mean of the next three.donor
units allowing multiple choice with

— ns = 1000,ng = 500 and
— ngs = 500,ng = 500.

Since the variance of the mean of n observations is no longer identical with-
the variance of the population, it is not possible to reproduce even the
true variance of Y by the fusion. In case of normal distributed Y and Z
variables, the reproduced variance of Y is now given by

Var(Y) = E(Var(Y|2))+ Var(E(Y|2)) = E(Var(Y|2)) + Var(E(Y|2))

2 Z—
= E (a—y Q- p%r.z)) + Var (PY +pv,z rz UY)
n oz

0%/ 2 2 O% 2 2
(1 p".Z) t Py,z Oy = 0Oy

2

n Oz

2 (1, 2 1 oy 2
= ay( +Py,z(1—;))=T(1+(n—1)ﬂy,z)

n

1
(1-o¥2) + P";',z)

n

Thus, with the assumption of normal distributions for the free triple the
following is true:

— 2
Var(Y) = ZX(1+26%3), (15)

which does not match the variance % of the initial population.

Simulation of the reproduced covariance

Now ng random variables (Xi, Zi} and ns random variables (Y;, Z;) are generated
independently due to a given trivariate normal distribution or its transformations
with mean vector u and covariance structure £. This could be done either in
accordance with their marginal distributions or by generating a sample of the

trivariate distribution and splitting it at random. Then the two samples are merged
in accordance with the specified algorithms. The empirical covariance, i.e. the
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estimate of the reproduced covariance, is calculated by

~

oxXy =
n

——7 D (=i =) ~7)

1=1
from the fusion sample. This procedure is repeated k times. In this manner the

estimated mean and variance of the empirical covariance are obtained from the
simulated distribution. In particular, for every considered distribution

E(dx y) = Zo‘x Yi, S (dx y) il ) Z (ax Yi — E(O’x Y)) (16)

1=1

and ox,y — ﬁ(o‘ x,v) are calculated. To assure the accuracy of the simulation, to
what extend E(ax y) and ox,y agree is checked since the fusion only reproduces
this covana.nce and not ox,y. Furthermore, a t-statistic like value is computed

with t = E(’x Y)_vx X \/— k to ease interpretation.

s(ax,v)
As the true variaznce of the imputed variable Y is changed by use of the free triple,
the value of E(Ey) is tabulated as well when using this algorithm.

To get results in reasonable time, the simulation has to be restricted to k = 100. On
a 100 MHz pentium computer it takes about 4.2 hours to generate one empirical
distribution with ns = 10000.

4 Results of the simulation

4.1 Reproduced covariances

The simulation study is done with the following parameter set for the normal
distribution

0 1 oXyYy 0X,2
p=1| 0 und ¥=1| ovx 1 oy z 17)
0 0z,X O0zY 1
That means 0., = p.,.; the parameters px,z = py,z = 0 and 0.5 together with

px,y =0.1,0.5 and 0.9 each are assumed.

Using the multivariate lognormal distribution, it is possible to specify mean vectors
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and covariance structures such as shown by Johnson (1987), p. 83. As mentioned
before, the parameters of the lognormal distribution are marked by the symbol *.

As shown in detail below, the results are quite stable despite the rather small
simulation size of k = 100. The sample sizes are ns = 2ng = 10000 allowing
multiple choice of donor units, i.e. polygamy. The different distributions used
and the real correlations between X and Y have no influence on the reproduced
covariances. Likewise the reproduced covariances are uninfluenced by the need to
merge nearest neighbours instead of donor units identical in Z.

Table 1: Normal distribution with ng = 2rng = 10000 using polygamy

pxz=pvz pxy oxy | E@xy) \/sz(gx,v) t
0 0.1 0 0.0012 0.0147 0.836
0 0.5 0 —0.0031 0.0149 —2.104
0 0.9 0 0.0026 0.0143 1.818
0.5 0.1 0.25 .| 0.2469 0.0144 —2.161
0.5 0.5 0.25 0.2524 0.0174 1.365
0.5 0.9 0.25 0.2526 0.0148 1.739

Table 2: Lognormal distribution with ns = 2ng = 10000 using polygamy

pxz=pvz pxy Fky | E@xy) \/32(5;,y) t
0 0.1 0 0.0090 0.0747 1.199
0 0.5 0 —0.0231 0.0594 ~3.880
0 0.9 0 0.0074 0.0629 1.181
0.5 0.1 0.7721 0.7553 0.1204 —1.388
0.5 0.5 0.7721 0.7903 0.1331 1.369
0.5 0.9 0.7721 0.7760 0.1352 0.294

As mentioned before, the true correlation px,y has no influence on the correlation
generated by the fusion.

4.2 Influences of the marriage processes and the sample sizes

Even reducing the rather large sample sizes of recipient and donor samples to only
ns = 1000 and ng = 500 does not affect the results. The same holds when several
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marriage processes are considered as is reported in the following tables. Since the
true correlation px,y is of no influence, the simulation is done via k recipient and
k donor samples generated for different px,z and py,z values.

Table 3: Normal distribution with ns = 2ng = 1000 using polygamy

px,z =pvz oxy | E@xy) \/sz(gx,y) t
0 0 —0.0094 0.0409 —-2.293
0.2 0.04 0.0315 0.0417 —2.042
0.4 0.16 0.1573 0.0509 —0.528
0.6 0.36 0.3669 -0.0497 1.379
0.8 0.64 0.6430 0.0601 0.501

Table 4: Normal distribution with ns = ng = 500 using polygamy

px.z =pvz oxy | E(ox,y) \/32 (ox,v) t
0 0 0.0041 0.0487 0.839
0.2 0.04 0.0468 0.0434 1.574
0.4 0.16 0.1600 0.0533 0.001
0.6 0.36 0.3624 0.0535 0.443
0.8 0.64 0.6397 0.0587 —0.044

Table 5: Normal distribution with ns = 2ng = 1000 using bigamy

px.z =pvz oxvy | E@xy) \/82(5x,y) t
0 0 —-0.0029 0.0414 —0.694
0.2 0.04 0.0325 0.0458 —-1.628
0.4 0.16 0.1587 0.0457 —0.283
0.6 0.36 0.3553 0.0540 —0.876
0.8 0.64 0.6387 0.0584 —0.220
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Table 6: Normal distribution with ns = ng = 500 using bigamy

PX,Z = PY.Z OXy E(Ex,y) \/82(‘5x,v) t
0 0 —0.0140 0.0505 —2.764
0.2 0.04 0.0372 0.0429 —0.647
0.4 0.16 0.1568 0.0498 —0.641
0.6 0.36 0.3604 0.0501 0.085
0.8 0.64 0.6354 0.0433 -1.058

Table 7: Normal distribution with ng = 2ng = 1000 using monogamy

pPX,Z = PY,Z OXY E(?f'x,y) \/82 (ox,v) t
0 0 —0.0001 0.0416 —0.028
0.2 0.04 0.0354 0.0454 -1.013
0.4 0.16 0.1573 0.0435 —-0.613
0.6 0.36 0.3579 0.0500 -0.419
0.8 0.64 0.6338 0.0495 —1.263

Table 8: Normal distribution with ns = ng = 500 using monogamy

pPX,Z2 = PpY,Z OXY E(Ex,y) \/32(;X,Y) t
0 0 0.0024 0.0510 0.470
0.2 0.04 0.0439 0.0504 0.770
0.4 0.16 0.1510 0.0486 —1.856
0.6 0.36 0.3414 0.0482 —3.858
0.8 0.64 0.6007 0.0467 —8.422
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Table 10: Normal distribution with ns = 2ng = 1000 using free triple

px,z =pvz oxy | E(@x,y) \/s"’(;x,Y) t E(Ei) oy
0 0 —0.0011 0.0238 —0.465 | 0.3342 | 0.3333
0.2 0.04 0.0363- 0.0261 —1.409 | 0.3542 | 0.3599
0.4 0.16 0.1589 0.0343 —0.334 | 0.4360 | 0.4400
0.6 0.36 0.3662 0.0394 1.566 0.5729 | 0.5733
0.8 0.64 0.6376 0.0546 —0.446 | 0.7549 | 0.7600

Table 11: Normal distribution with ns = ng = 500 using free triple

pxz=pva Fxy | BGxy) VeGx) | ¢ |BGn | #
0 0 0.0047 0.0285 1.657 0.3321 | 0.3333
0.2 0.04 0.0442 0.0307 1.381 0.3615 | 0.3599
0.4 0.16 0.1594 0.0380 —0.163 | 0.4373 | 0.4400
0.6 0.36 0.3545 0.0432 —1.269 | 0.5743 | 0.5733
0.8 0.64 0.6297 0.0523 —1.976 | 0.7461 | 0.7600

Again the simulation results turn out very stable and match the theoretical results
quite well. Therefore, it seems not necessary to examine more combinations such

as px,z # py,z or positive/negative p.

Few absolute t-values are greater than 2. Neglecting the case of monogamy, this
seems not to be systematic but a matter of small k. The different marriage proces-
ses show no further influence on the reproduced covariances as long as the donor
sample is twice the recipient sample (or just larger). Even the very small sample
sizes do not much affect the results. Only when using monogamy and identical
sample sizes, meaning that every donor unit is used once, are bigger differences
reported. If recipient and donor sample sizes are similar, this algorithm is of no
practical use, of course. Furthermore, using the free triple the reproduced cova-
riance is simulated just as well as the reproduced variance; for evidence see (15).
Even this algorithm is not able to reproduce the true correlation between X and
Y nor the true variance of Y.
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5 Conclusions

The results are obvious. Fusion of data sets using such rather simple algorithms
can reproduce the true-correlation between variables X and Y not jointly observed
if and only if they are uncorrelated on the average conditional on the common
variable Z, i.e. if E(Cov(X,Y|Z)) = 0.

The stronger demand for conditional independence is not necessary if the interest
is focused on the correlation (or higher moments) between X and Y only.

In general, the parameters reproduced by the fusion are not affected by merging
nearest neighbour units instead of statistical twins. The influence of several mar-
riage processes on the reproduced parameters is likewise low. The free triple (or
any mean of n observations) should not be used if inference is done without cor-
recting the variance of Y reproduced by the fusion. Finally, the sample sizes are
not important, but the donor sample should be of larger size than the recipient
sample if multiple use of donor units is restricted anyway.
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