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The Synthetic Micro Data File:
A New Tool for Economists

By Charles A. Sisson*

.

Detailed data files required to fill many economic
models are not available Direct construction of
a neaded file often proves to be prohibitively
expensive The author of this article posés one
alternative to synthasize a file by merging two or
more existing ones that, between them, contain
the neaded information For example, consider a *
researcher who wishes to know how econemic
variables affect sociological behavior and who
has found one file with economic and demo-
graphic information and another with sociologs
cal and demographic nformation By matching
demographic characteristics, the researcher can
construct a synthetic file to use 1n analyzing the
relationship of economic and sociological charac-
teristics
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Economusts require detailed information about the
charactenstics of the economy to formulate a rational
economic policy The more complete the micro files
they employ in their research, the more confident they
can be 1n thewr policy recommendations National
income accounts and other summary figures cannot pro-
vide'precise enough detail about the interactions at the
miero Yevel that are the foundation of economics (9, 17,
and 13) ' As Wassily Leontief noted

The time.1s past when the best that could
be done with large sets of vanables was to
reduce their number by averaging them out or
what 15 essentially the same, combining them
into broad aggregates, now we can mampulate
complicated analytical systemns without suppres-
sing the dentity of their individual elements
(9,p 6}

Unfortunately, our ability to process large masses of
data has exceeded our means to generate empirical bases
for hypothesis testing and policy formulation Ideally,
all micro-based studies would stem from a carefully

*At the time this article was written, the author was
an economist with the National Economic Analysts
Division, ESCS He 1s now with the International Mone
tary Fund, Washington, D C

' Ttalicized numbers 1n parentheses refer to items n
Bibliography at the end of this article

chosen sample of the population that included relevant
income, expenditure, tax, and demographic factors The
direct approach to constructing such a file—collecting a
sample—1s prohibitively expensive The impacts of many
important policy changes are thus estimated by gross
approximalion Yet it 1s obviously self defeating to use
macro subtotals to examine pohecy changes that have
impacts only through thewr influence on mdividuals

Seeking to improve their methodology within the
formidable constraints barring construction of a true
micro file, researchers have turned to synthetic micro
files as a practical and improved base for their pohcy
prescriptions Synthetic micro files'are not a true sample
of the population They are formed by a matchuing or
merging of two different micro files that, between them,
contam information about the desired vanables This
technique might be useful, for example, if one had a
microeconomic source of demographie charactenistics
for a specific socioeconomic group and another micro-
economic source of information on theirr economic
status, but wished to know how economic vanables
affected sociological structure Suppose a researcher had
a microeconomuc data file, such as the agricultural
census, and wished to extend its usefulness without
creating a new microeconomc data file The researcher
might consider enlarging its applicability by “merging” 1t
into a second, appropriate data file to create a file that
would supply information on the missing relationships in
the Nirst file

In this article, [ examine merits and shortcomings of
synthetic micro data files, review examples of such files,
and explain procedures for constructing them Results
should be useful to each researcher in economics

Synthetic data files are no panacea Although they
may be a useful research tool, they have shortcomings
They may produce the data base for useful and vaned
muero studies, but results are contingent on the appro-
priateness of the matching process Although the crea-
tion of synthetic data files can significantly save money
over the expense of designing and collecting a micro-
economic survey, their construction requires huge
investments of human and computer tume, and patience
Studies employing such files can be costly Also, ittakes
2 or 3 years to collect the data and another year or more
before the file can be construcled If results from studies
using such a file are to be more than an historical exer
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Detailed data files required to fill many economic models

are not available Direct construction of a needed file
often proves to'be prohibitively expensive The author
of this article poses one glterngtive to synthesize a
file by merging two or more existing ones that,
between them, contamn the needed mformation

cise, one must presume that the relations depicted have
not changed over the.ntervening span of years ?

Several questions arise How 1s a synthetic micro file
constructed? How relevant are these files? How big can
a synthetic data file be—that 15, 1f it makes sense to
merge data fites A and B to form C, does it make sense
to merge C and some other data file D to form E? What
types of synthetic data files have been constructed?
What are their relative menits?

THE BROOKINGS MERGE FILE’

The following imdepth view of the Brookings
MERGE file should make the abstract concepts of
synthetyc micro files more understandable

The Brookings MERGE file synthetically links indi-
vidual records from two sources The US Internal
Revenue Service (IRS) tax file for 1966, which contains
individual Federal income tax returns, and the 1967
Survey of Economie Opportunity (SEQ) data fite, which
samples the total U S population through field inter-
views. Both files reference individual family income for
calendar year 1966, but each contains information not
found 1n the other The IRS tax file contains more
complete tax information, the SEQ file, more compiete
demographic information

The Brookings MERGE file hnks information from
the 87,000 individual records in the IRS tax file wath the
30,000 household records in the SECQ file Each.fammly
record 1n the SEQ file was examined to determine if any
member of the family would be expected to have filed a
tax retumn in 1966 If so, tax information from the
retum judged most likely to have been filed by that indi-
vidual was added to the demographic information in the
sample record The process optimizes a “distance func-
tion” after certain basic eriteria for a match are satisfied
How this 15 done'is explained below

?In the short run, this 1s usually a reasonable assump-
tron dJoseph Pechman stated at the National Tax Associ
ation-Tax Institute of America Symposium heid 1n
Washington, D C, July 10, 1975 “The 1966 MERGE
file shows the gist of iIncome and tax distributions even
today

* The matenial in this section 15 drawn from (11 and
14, pp 84-92, unless otherwise noted
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The Brookings MERGE file 1s not perfectly synthetic
Low-income records from the SEQ file have no tax data
associated with them because no tax was paid High
income tax file records in the final version of the
MERGE file provide no demographic records because
tax information alone 1s available for families with
incomes above $30,000 * It 1s the vast middle range of
records that have been artificially linked by the match-
INg process

Once an individual from a SEQ family record 1s
judged lLikely to have filed a tax return, the matching
process consists of finding a return 1n the IRS tax file
that closely represents the actual tax return that he or
she would have filed First, a set of “cells” or “equiva-
lence classes” ts constructed to serve as first-stage, or
rough sort All IRS tax returns occupying the same cell
as the supposed (constructed) tax return from the SEQ
record are compared 1n a second-stage sort, based on
income Finally (1deally) a match 1s determined based on
a distance function Each match 1s randomly determined
from all returns that fall within a standard income range
of the SEO record ’

The “equivalence classes” are formed on the basis of
four enteria (1) type of return filed—single, joint, sur-
viving spouse, head of household, (2) age of the house-
hold head or spouse—65 years old or over, (3) number of
exemptrons—1, 2, 3, 4, 5 or more, and (4) reported
pattern of income—major and minor sources of Income
(in absolute terms) Four classes of income were consid-
ered wages, business, farm, and property

If the cells as defined had been interpreted strictly,
there would have been 1,420 different categories So
many cells would have been left empty that many SEQ
records would have been impossible to match, and still
more would have yielded improbable income matches
Accordingly, the 1,420 onginal cells were collapsed to
74 somewhat densely populated cells

The onginal cntenon for the second stage, or major
income source match, was the major income for the

4 Groups with high and those with negative incomes
are not really separate as returns with substantial losses
are generally filed by wealthy persons See (11, p 335)

There may be a means of eluminating some bias in
the SEQ survey Personal surveys are notorious for
underreporting income for those at high income levels
See (14, p 85)



SEO unit, plus or minus 2 percent * All returns in the
acceptable income range were subjected to a final sieve,
a “consistency score,” to help narrow the choice Hither-
to unused information was used to effect the most swita-
ble mateh Six cntena were used, each with different
weights If the tax return matched the related character-
istic on the SEO record, 1t was awarded points

r - - - |
Tax return

SEO record Points

Home ownership or debt 12 |
(ot house value in farm

Home mortgage
interest deduction

on property tax value) i
refurn
Interest or Interest or dividend 8

|
income or ownership of [
stocks, bonds, and others

dividend income

Farm income or farm 10
assets or debt ‘

. Farm income

Business income or 10
business assets or debt

Business income

Rental income or
real esfate prop-
erty tax deduction

|
Rental income or real 9 l
estate assets or debt !

Nonzero capital

gains income’ stacks, bonds, and others
¥

i

Dividends or interest on 8 i
i

\

1 Capital gains equal to zero on the lax return and
earnings from property 1n the SEO Nle are consistent

- — - — — - - [,
The return with the highest consistency score was not

necessanly matched to the SEO record Any return in

the highest 25 percent of those for which consistency

s Limitations on the total amount of errar excluded
impossible (at lower himtts) or overgenerous (at higher
limits) margins of error

scores were calculated was equally likely to be selected,
if It scored 25 points or more This procedure was suffi
clent to make most of the matches (97 percent)

SEO records that could not be matched by this tech-
nique were reprocessed, and an iterative process was
begun The income acceptability range was widened by
1 percent,® consistency scores for eligible tax returns
were recalcutated, and a match was determined based on
the same consistency criteria Records that failed this
test were reprocessed six times, or until a match was
determined, each time the acceptable iIncome range was
widened 1 percent Records still Jacking a match—0 5
percent of the 28,643 returns—were hand matched

THEORETICAL BASIS
FOR SYNTHETIC MICROECONOMIC
DATA FILES

Constructing a synthetic, merged file generally
mnvolves merging two samples whose overlap 1s insig-
nificant Certain variables, denoted by the vector X,
appear 1n both samples Other vanables, represented by
the vector Y, appear in one sample, others, Z, appear n
the second sample * The ideal 1s a single sample with
information on the joint disirnibution F(X,Y,Z) As this
does not exust, an artificial one must be generated This
construction 1s a special case of the following general
problem Given samples {from two marginal distribu-
tions of a joint distribution, estimate the joint distnbu-
tion and generate a sample from 1t * The difficulty 1s
estimating the joint distribution

The problem nvolves so many variables that 1t 15
difficult to conceptualize Graphical presentation is
also difficult Two partial views that may assist the
reader are 1n figures 1 and 2 Figure 1 shows the crux
of the matter The jownt distribution of X and Y and
the joint distribution of X and Z are known, but the
jont distribution of Y and Z 15 unknown If Xand Y
are single vanables, the joint distnbution of X and Y

S With corresponding increases 1n the maximum and
minimum amounts that were permissible

TThis notation, which relies on (21), 1s standard n
the hiterature

® This approach relies on (21)



FIGURE 1

Distribution of Variables in
Joint Sample of (X,Y,2)
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f(X,Y)

Joint Distribution of X and Y

In 3-space might look as depicted n figure 2 The
joint distnbution F(X,Y,Z) occupies 4.space and can-
not be represented here It can, however, be defined 1n
terms of conditional probabilities

F(X,Y,Z) = F(Y/Z,X) F(Z/X) - F(X)

The latter two terms in this expression are known
However, as the jomnt distnibution of Y and 2 1s not
known, F(Y/Z X) 1s unknown If we could estimate
F(Y/Z.X), the joint distribution F(X,Y,Z) could be
computed from the above equation

As a first step, let us suppose that X 1s a k-dimen-
sional variable, furthermore, let us suppose that 1t 1s
drvided into k£-dimensional cells £(X) small enough for
the distribution of Y to be essentially independent of
X within each cell * Then within each cell

F(Y/X) = F(Y)
and
F(Y/Z,X) = F(Y/X)
S0
F(X.Y,Z) = F(X} - F(Z/X) - F(Y)

As the information needed to estimate F(Z/X) 15 n the
onginal data file, the joint distnbution F(X,Y,Z) can be
estimated

PROBLEMS OF APPLICATION

In theory, 1t 1s possible to calculate F(X,Y,Z) from
knowledge about the joint distnbutions F(X,Y) and
F(X,Z), but clearly there may be problems applying this
techmique First, 2 means must be derived for determin-
ing when the cells k£(X)} are small enough to consider Y
independent of X, within cells Such a sieve need not be
of uniform dimension with X In fact, it would be better
if the dimensions vaned to reflect the density of the data
The more dense the data within cells, the better the esti-
mate of the distribution F(Y/X) will be, however, the

* If the cells are densely filied, F(Y/X) = F(Y) can
be estimated directly If the cells are sparsely populated,
regression techniques ean be used in conjunction with
some smoothness assumptions



The more dense the data within cells, the
belter the eshimate of the distnbution
F{Y/X) will be, however, the cells

must be small enough to pustify

_the assumption of independence
between X and Y

cells must be smali enough to justify the assumption of
independence between X and Y

As the data will vary in density, this trade off can be
handied by varymng the cell size as conditions warrant
Nonetheless, the sieve must be composed of cells m
which X and Y are independent A means of testing this
assumption 1s required

A [irst step m this direction has been proposed by
Nancy and Richard Ruggles (i6, pp 360-362) They
suggest a chi-squared test of the hypothesis that the
samples in a cell came from different universes, and a
second (correlation) test to evaluate the relative ympor-
tance of these differences before making necessary
adjustments These tests do provide some basis for
hypothesis testing, but I am unconvineed that they are
reliable (20, p 397)

An alternative to testing the validity of the syn
thetic muicro file would be to introduce restrictions into
the matching process deliberately One could ignore
some common vanables i the two files (let us call these
X'} during the creation of the synthetic file, and esti-
mate the mean square error of the artificial matches for
X, to their actual value This approach, however, would
lead to nefficiencies i the actual matching process as
some nformation instrumental in making the umon
would be deliberately sacnficed At this point, the
Heisenberg Uncertainty Principle becomes a factor

For hypothesis testing to be meaningful, the match-
ing cells must be densely occupied—otherwise the testing
procedure cannot have statistical validity This condition
might be expected 1n the core (or central portion) of a
large matched file, but it would require a large file Even
then, the fringe (or outer portions) of the file will be too
scattered For example, suppose X; 15 individual
mcomes and Y, 1s tax habihity (At high values of X, , the
individuals will be too diverse to allow suffictent expan-
sion of cell intervals along Y; to encompass a large
number of wealthy individuals’while mamntaming the
premise that Y, and X, are independent

Obwiously, the fewer the outhers and the more dense
the data, the more technically correct the fimished syn-
thetic file will be Thus, the more valid 1t 15 to *“stack”
this file with another—that 1s, to use this file as a basis
for another synthetic file However, this should not
imply that outliers are “bad ” They represent valuable
information, and 1f theiwr absence implies a “‘better” file,

it 15 only “better” in a statistical sense related to ease of
matching when pyramuding artificial files A file that
Jacks outliers may be unrepresentative of the population
and 1t may be quite misleading ' ® One reason statisticians
square the distance from the regression line to sample
points 1s to give greater weight to “extraordinary” points,
and it behooves the synthetic file builder to be aware of
the informative value of cutlying points

Yet outliers do pose a special problem for the type of
matching technique proposed here Their existence
imphes that some regions in the sample are so sparsely
populated that some cells will lack match records In
practice, the samples—even for the largest files—will have
cell-vacancy problems The practical solution 1s to com-
bine some of the X varables, which thereby collapses
some of the cells (16, p 357) The Brookings MERGE
file, for example, has 74 nonincome classifications
instead of the 1,000-plus first envisioned If these cells
had not been telescoped, many onginal cells in the grid
would have produced obvious mismatches or no match
at all

This difficulty 1s usually treated by using a metnc
technique, generally a distance function Distance func
tions rank possible matches by their “closeness’ to the
record to be matched, not by whether they occupy the
same cell If a cell technique were strictly applied, only
sample records sorted into the same cell would be linked
This situation might lead to some matched cells that
were unnecessanly diverse

Figure 3 depicts such a case for a single variable X,
Sample A 1s a record for file (X,Z), and 1t 15 to be
matched with a record from file (X,Y) The records B,
C, D, and E are the leading candidates for matching
What 15 the best match for A? The cell technique would
signify B should be chosen, because 1t occupres cell 3n
common with A However, the distance function would
rank B as the next to poorest choice of the four possi-
bilities The “‘closest’ record to A is C, and the distance
eniterion would mdicate 1t should be chosen, regardless
of the difference in cells Which 1s the best?

Following the premise that the cells were constructed
such that the conditional probabiity of Y 1s not inde-
pendent of X between cells, B 1s the best choice But if

1°The problem occurs particularly with income and
expenditure distributions, which are generally skewed



FIGURE 3

Individual Records in a Cell Structure

Records D C

Cell 1 2

B did not exist and pont E were the alternative to C and
D, which should then be chosen? These are usual cireum-
stances with a imited sample, and here the cell-matching
technique breaks down completely Of course, if the
cells have been chosen to reflect Y's independence of X,
the question 1s one of mimimuzing damage Given that an
1deal match 15 impossible, which 1s the best match? If
one 18 willing to assume that the distribution will not be
markedly asymmetrical, choosing the record that is
closest or among those closest 15 2 reasonable standard '*

SPECIFIC EXAMPLES
OF SYNTHETIC
MICRO DATA FILES

Several existing synthetic files have used variants of
the distance function concept Researchers creating the
Canadian Survey of Consumer Finances-Family Expend-
ture Survey synthetic data file (SCF-FES) used mulh-
variate analysis to determune their distance funection
ranking The variables Y, and Z, were regressed individ-
ually on all the variables X The explanatory power of
the vanious X, in the regressions on Y, and Z, was used

'V It does, however, entail an implicit assumption of
independence between the Y and Z, given X See (21,
p 343)
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to determine the vanable’s weight i the distance func-
tion If a vanable X; had high partial R-squares for a
wide range of the Y, and Z, vaniables, 1t was considered
a crucial element 1n the matching process Records from
the two files that had similar values for that vanable
were awarded a relatively large number of points toward
quallying for matching A vanable X, having low partial
R-squares for most Y; and Z, variables was considered
relatively inconsequential to a good match It was
assigned either a low or zero point contnbution for the
matching criteria Matches between the two files were
little influenced by the coirespondence of these vana-
bles Paws of records with high match scores were Iinked
(1)

The Brookings MERGE file uses a more ad hoc
approach to the distance function The relative impor-
tance of the X vanables in distinguishing a good match
was predetermined on what were considered reasonable
grounds rather than by quantitative analysis (11, 72, and
14)

The Bureau of Economic Analysis (BEA), U S
Department of Commerce, developed its synthetic file,
a matching of the Current Population Survey and the
Tax Model for the year 1964, in a ssmilar manner to the
Brookings effort However, instead of using the Brook-
ings technique of sampling for matches, the BEA file
involved a one-to-one match between the two files Each
tax record was assigned to a umque population record



The final match befween two records (from
different files) 1s determned by the
closeness of the match belween

the corresponding X, and by the
preselected weights

by matehing records having the same rank order within
broad e prior-determined equivalence classes Each cell
was defined so that 1t has the same weighted number of
records from each file, which avoids the 1ssue of
improper population aggregates extrapolated from indi-
vidual records '?

The synthetic file built by Nancy and Richard Ruggles
under the auspices of the National Bureau of Economic
Research (NBER) uses a distance function that 15 less
arbitrary 1n cutting across previousty defined cell struc-
tures The Ruggles’ success in adhenng closely to the
prescribed sampling structure 1s due chiefly to one
advantage more data The files described earlier
involved matching files on the order of 50,000 records
each The NBER file matches the 1970 Public Use
.Sample with the Social Secunty Longitudinal Employer-
Employee Data file, each has 2 mnhion records These
files are so large, in fact, that they not only permitted
the use of a cell-structure technique but also eliminated
explicit use of a distance function of the type employed
by other researchers Metnc calculations take up com-
puter time, and one must consider efficiency when proc-
essing 2 million records A cell technique 1s not only
theoretically more desirable, 1n this case 18 15 practical '?

THE WEIGHTING PROBLEM

The NBER synthetic file technique does not neces-
sarily approach optimal efficiency The cell dimensions
may well be larger than they should be As noted, this
will be especially true in the fringe, or outer portions
of the file Collapsing the cells i these portions of the
file imphes a distance function of a rudimentary sort
It ts important to recognize the sigmificance of the
various weights or, as 15 the usual case, poiits assigned
to each variable X, 1n the distance function The final
match between two records (from different files) 15
determined by the closeness of the mateh between the
corresponding X; and by the preselected weights

V1 This 1s known as the alignment problem For a
discussion of this problem, see (14, p 88) For a discus
gion of the BEA synthetic file, see (3 and 2)

13(16, pp 370-371) For a general review of the
NBER data file, also see (17)

Obviously, as concepts about which variables are
most important to a “good” match change and as those
decisions are reflected 1n a different weighting scheme,
the synthetic file changes Certain records that would
have been considered matches will no longer be con--
sidered satisfactory and will be dropped, and others
that would have been considered unfit will now be
linked .

The importance of the weighting scheme finally
adopted hes in its determination of the accuracy of the
file Whether or not these weights are determined
empinically, as Alter and the Ruggles did, or theoreli-
cally, as Okner did, there 15 considerable subjectivity 1n
the final determination It 1s also true that the file will
have relative strengths and weaknesses according to the
use that 15 made of 1t The file 15 usually designed for
general purposes, and the weights are chosen to provide
a mean between conflicting goals Ideally, all common
vanables X are in correspondence before a match 1s
determined, but generally, only the most basic vanables
will approximate each other For example, total iIncome
1s generally such a basic vaniable, and records from two
different files need to have very similar incomes to be
ehigible for matching However, the source of that
mecome 15 less important, and greater margins of error
for individual sources of income are consistent with a
“good” match

The points awarded toward a match reflect an 1ncome
source’s importance and determine the trade off vis-a-vis
other aspects of the X sector In a speaific study of farm
taxation, for example, better results would be obtained
f farm 1ncome were emphasized as a basic vanable in the
matching process There would then be a greater likeh-
hood that the (X,Y) and (X,Z) records would both have
farm mcome, and the file quality for such a specific
purpose would be improved Given the expense of the
matching process, however, it is more reasonable to
construct a multipurpose file and'use it for specific tasks
rather than to construct a special file for each research
task

OTHER APPROACHES

Only one means of effecting file hnks—matching—has
been considered although 1t 1s not the only process
avalable Perhaps the most important alternative to



Synthetic data files, when properly constructed,
can provide more concluse answers to policy
questions than other more traditional
approaches

matching 1s a regression technique '* One file can be
used to define the functional relationship beiween the
common vanables (X) and the disjunct vanables 1t con-
tains (Z) This relationship can then be used to append
estimated Z values to the information 1n the second file,
using the X values in file (X,Y) as a basis for the imputa-
tion (16, p 354) That s, Z = £(X} would be estimated
from the first file, and the X values 1n file (X,Y) would
be used as the.basis for calculating (XY, [(X)

There are, however, several deficiencies mn this
approach Perhaps the most gnevous of the econometric
problems (regressions imply theiwr existence) 1s equation
specification The relationship between X and Z 1s
unlikely to be well known—if 1t were, there would be
little need for the first data file—and this relationship 1s
even less likely to be linear throughout the domain Thus
It 1s extremely unlikely that the true joint distribution
(X,Y,Z) can be well approximated by (X,Y,[(X)) (20,
P 395) A second major problem rught be multicoll:-
nearity A complex set of economic information, such as
budget outlays, usually has highly inter-related compo-
nents Separate estimates of each outlay would lead to
inconsistent estimates of the aggregate ' 5 Another likely
problem is heteroskedasticity Many econometric studies
using cross-secttonal data find a changing vanance 1n the
disturbance term (7, p 214)

For these and other reasons, regression analysis seems
an lhapproprnate alternative to matching From a meth-
odological standpoint, it 15 infenor because 1t fails to
produce the original vagiance of the data set when the
imputations are generated The regressions always assign
mean values, whereas 2 matching process reproduces the
distribution of vartables 1n the onginal set over repeated
imputations (7, p 214) However, the basis for choice 15

' “ Other choices might be averaging or interpolation
techniques

' *The Ruggleses consider this property to exemphfy
the superiortty of 8 matehing process, arguing that (t 15 a
simpler and more satisfactory way of transferring com
plete sets of budgel information from chservations in
one sample to observations m another (16, p 354)
Admittedly, 1t does retain the integrity of each set of
mformation, but it should be possible to improve on
such a nave estrmating approach The regression analy-
818 could be modified by including a constraint to
produce consistent answers See (7, pp 155 159)
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hardly as one-sided as has sometimes been claimed The
Ruggleses have espoused a matching process over a
regression technique because

for matching purposes no specific function-
al relationship need be determined 1n advance
Nonlinear relationships will automatically be
handled as efhciently as linear relatronships,
without explicil recognition that the relation-
ships are nonhnear (16, p 354)

If this observation were pertinent, it would be suffi-
cient cause to rely exclusively on matching techmques,
however 1t muisses the point Under the simplest conds
ttons, when Y and Z are independent, the two tech
niques give identical results (although the regression
equation does not reproduce the onginal variance in
the data set), but when there are interdependenctes and
nonlineartties, the two techniques differ Sims has
neatly summanzed the problem

To justify a matehing procedure one requires
an assumption that the regression relation gIv-
ing the conditional distribution of (say) X as a
function of X 1s eonstant and a fortion that the
mean of Y 15 a constant conditional on X This
15 a2 much stronger requirement than the assump-
tion that the conditional mean ol Y be linear in
X (20,p 395)

A matching technique does have greater flexibility
than a regression, but the assumptions necessary for its
success are more stringent

CONCLUSIONS

Synthetic data files, when properly constructed, can
provide more conclusive answers to policy questions
than other more traditional approaches However, 1n
practice, several expedients are used which entail a loss
in validity Further, a micro data file cannot provnide
quick, rough approximations on exceedingly broad
topics, summary tables still have their place for quick
estimates and general guides A microfile 15 more
unwieldy and complicated, but—f wel constructed—
capable of precise calculations.and it can be used for
a range of topics Although 1t would be possible to



pyramid this process and to create synthetic Dles, the
conditions necessary for this to be practical would
prevent the file from being of more than academic
interest

Some rough guidelines for construction of a syn
thetic file can be these If the functional relationships
hnking.two of the three vanable sets X, Y, and Z are
well-known and the data are scattered, regression
analysis would probably be supenor {o matching
Otherwise, matching 1s the hest strategy In matching,
the more dense the data, the more ¢losely one can
approximate the conditions of the ideal scheme,
therefore, larger data sets are preferred Of course, a
researcher may find that the relevant variables are only
available m small samples—a situation which prevents

him from constructing a more accurate synthetic file

This may seem inconclustve The ambiguity stems
from the nature of the matching problem As Sims has
noted

there 15 no way to avoid “‘subjective’ use of
economic theory in deciding when a maich ts
bad In their (the researchers') eagerness to
avoid ‘‘subjective’” assumptions about the
nature of the distribution they are estimating,
matchers have been letting the computer make
foolish assumplions [or them (2¢, p 397)

The problem may not be easily answered, but we need
to solve 1t because synthetic data do offer the promise of
a better understanding of economic relationships

Siudies of relationships hetween
agniculture and the rest of the
economy must continually weigh the
conveniences of aggregation agamst
losses of relevant detail At one
extreme are simple models which
treat all agriculture as one enterprise
selling a single composite product
But the diversity ol conditions with
in agriculture generally forces us Lo
frame price and production programs
in lerms of ndividual commodities
Modern techmgues ol analysis, such
as-the input-output or “interindus
try relations’ approach of Leontief
and the “hinear programming” meth
ods of Dantzig, Koopmans and
others, are creating a demand for
more accurate data Electronic

In Earlier lssues

computers can handle the formida
ble calculations required for such
studies, but the accuracy of the
final results must depend on that ol
the basic data For this reason, agri-
cultural economists should take an
active 1nteresl in the interpretation,
application, and flurther deveiop-
ment, of the interindustry relations
approach most recently exemphfied
by the Bureau of Labor Statistics
study of the U § economy 1n 1947
As time goes on, we need to supple-
ment the input-output approach with
one that permits us to use, among
other things, our knowledge of
demand and supply curves [or agr
cultural commodities Conceptually,
this leads us into a very large system

of simultaneous equations—a sort
ol “econometric map’ of the agri-
cultural economy 1n the framework
ol total economic activity Our
single-equation demand analyses,
and sub models of moderate com
plexity, would be as uselul as ever
Bul the over-all model would force
upon us a keener awareness of the
nalure ol the approximations we
were making, and of the vanables or
sets of economic relationships that
we were assuming constant

Karl A Fox

and Harry C Norcross
AER, Vol IV, No 1,
Jan 1952, pp 13 and 21
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